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ABSTRACT  
 The taxonomic and metabolic profile of the microbial community inhabiting a 
natural system is largely determined by the physical and geochemical properties of the 
system. However, the influences of parameters beyond temperature, pH and salinity have 
been poorly analyzed with few studies incorporating the comprehensive suite of physical 
and geochemical measurements required to fully investigate the complex interactions 
known to exist between biology and the environment. Further, the techniques used to 
classify the taxonomic and functional composition of a microbial community are 
fragmented and unwieldy, resulting in unnecessarily complex and often non-consilient 
results. 
 This dissertation integrates environmental metagenomes with extensive 
geochemical metadata for the development and application of multidimensional 
biogeochemical metrics. Analysis techniques including a Markov cluster-based 
evolutionary distance between whole communities, oligonucleotide signature-based 
taxonomic binning and principal component analysis of geochemical parameters allow 
for the determination of correlations between microbial community dynamics and 
environmental parameters. Together, these techniques allow for the taxonomic 
classification and functional analysis of the evolution of hot spring communities. Further, 
these techniques provide insight into specific geochemistry-biology interactions which 
enable targeted analyses of community taxonomic and functional diversity. Finally, 
analysis of synonymous substitution rates among physically separated microbial 
communities provides insights into microbial dispersion patterns and the roles of 
 ii 
 
environmental geochemistry and community metabolism on DNA transfer among hot 
spring communities. 
 The data presented here confirms temperature and pH as the primary factors 
shaping the evolutionary trajectories of microbial communities. However, the integration 
of extensive geochemical metadata reveals new links between geochemical parameters 
and the distribution and functional diversification of communities. Further, an overall 
geochemical gradient (from multivariate analyses) between natural systems provides one 
of the most complete predictions of microbial community functional composition and 
inter-community DNA transfer rates. Finally, the taxonomic classification and clustering 
techniques developed within this dissertation will facilitate future genomic and 
metagenomic studies through enhanced community profiling obtainable via Markov 
clustering, longer oligonucleotide signatures and insight into PCR primer biases. 
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Chapter 1 
INTRODUCTION 
1.1 Motivation 
 The phenotypic profile of the microbial community inhabiting a natural system is 
largely determined by the physical and geochemical composition of the system. If it is 
assumed that organisms are able to move freely among systems, potential community 
members will consist of all organisms which have evolved the ability to survive within 
the physical and geochemical extremes of the environment. By containing or evolving 
metabolic functions optimized to the nutrients available within the system an organism is 
able to outcompete, leading to increased reproduction and the fixation of the optimized 
phenotypes. However, cell migration events maintain a constant input of new genetic 
material as genes are introduced from external sources. As a result, local community 
evolution and external input act together to make a natural system into an arms race 
rewarding the organisms which are best adapted to the environment. Therefore, to have a 
complete understanding of microbial ecology it is vital to study the roles of 
environmental geochemistry, microbial metabolisms, mutation rates, and rates of cell 
migration in selecting community members.  
 Many previous studies have demonstrated the influences of temperature (1–4), pH 
(5–8) and salinity (9–12) on microbial community taxonomy and metabolic strategies. 
Although these, and similar, studies occasionally include biologically relevant metadata 
beyond temperature and pH such as dissolved oxygen, nitrogen, phosphorus or sulfur 
concentrations, it is important to note that few include a comprehensive suite of 
biologically relevant measurements, with even fewer including trace metal concentrations 
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and isotope data. In addition, many of these studies focus on identifying and investigating 
individual community members with little attempt to generate a community metabolic 
and functional profile. It is important to look beyond historical biases developed through 
years of studying organisms in monoculture, which grossly oversimplifies community 
compositions, and implement a whole community view of microbial ecology (13). By 
implementing a whole community viewpoint this dissertation enables the integration of 
community functional and taxonomic profiles with environmental geochemistry. This 
integration allows for the determination of environmental parameters which strongly 
influence microbial ecology, community evolution, and DNA transfer while downplaying 
the metabolic and functional roles of individual community members.  
 
1.1.1 Metagenomics 
  This dissertation relies heavily on metagenomes, which contain sequenced 
genetic material derived from environmental samples. Unlike DNA sequencing methods 
which are limited to organisms which can be grown in pure culture, metagenomes are 
sequenced directly from an environmental sample without a culturing step. As a result, 
metagenomes have the potential to include all organisms living within an environment 
and yield a whole community taxonomic and metabolic profile which includes 
unclassified and minor community members. In addition, if sufficient sequencing is 
performed, long DNA scaffolds can be assembled from low abundance community 
members, allowing for the functional analysis of previously unknown and/or unstudied 
taxa. As a result, metagenomes have been instrumental in exploring and understanding 
the true extent of the microbial diversity on Earth (14).  
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 Sanger DNA sequencing can reliably produce DNA fragments between 100 and 
1,000 base pairs in length while next generation sequencing technologies (Roche 454, Ion 
Torrent, Illumina, etc) currently produce reads in the range of 25 to 200 base pairs. (15, 
16). Due to this, microbial chromosomes must be broken into short fragments, sequenced, 
and subsequently reassembled to produce the long DNA scaffolds needed for 
comprehensive analyses. Metagenomics utilizes the technique of shotgun sequencing 
which randomly shears microbial chromosomes into short, sequenceable, fragments (17). 
To acquire long DNA scaffolds shotgun sequencing requires several rounds of shearing 
and sequencing with resulting short fragments being assembling using overlapping 
regions. In simple communities and/or with sufficient rounds of sequencing it is possible 
to assemble informative DNA scaffolds from all organisms within the environment. The 
analysis of assembled scaffolds lets researchers find not only open reading frames (gene 
encoding regions with no stop codons), but also operons (a cluster of genes under the 
control of the same promoter) and their associated promoter elements. Additionally, 
mobile genetic elements are evident only when large fractions of the genome are 
assembled (18, 19). In addition, the random nature of shotgun sequencing generates a 
taxonomic profile which is consistent with the true taxonomic abundances within the 
environment (20), as opposed to methods which target specific genome regions (e.g the 
16S rDNA gene) and rely on primers with are domain or phyla specific (20, 21).  
 Comparative metagenomics is the joint study of multiple metagenomic data sets 
to study microbial community taxonomic or functional changes across spatial, 
geochemical or temporal gradients. The ability to compare multiple microbial 
communities is applicable to many sub-fields of microbiology including human health 
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and disease (22–25), host-associated and symbiotic relationships (26–28), production of 
bioenergy (29–31) and environmental studies (32–36). In all cases researchers are 
studying how environmental changes influence microbial community composition 
through either (1) changes in a community as the environment changes or (2) differences 
between communities sampled across an environmental gradient. For example, in human 
health comparative studies between the microbiome of patients with gastrointestinal 
disease can be compared to the microbiome of disease free individuals to investigate 
differences in microbial communities as a cause of disease (25).  
 When applied to environmental systems, comparative metagenomics is an 
indispensible technique for analyzing the effects of physical and geochemical gradients 
such as temperature, pH, dissolved oxygen or nitrogen availability on microbial 
community taxonomic and functional profiles. Comparisons between microbial 
community profiles and geochemistry are undertaken by collecting samples from 
locations with varied geochemistry and/or varied microbial communities. With well 
conceived sampling strategies it is possible to collect environmental samples along 
specific geochemical or temperature gradients, along depth gradients or across metabolic 
transition zones.  
 
1.1.2 Data Set Selection 
 Yellowstone National Park (YNP), Wyoming, USA contains hydrothermal 
springs and geysers with pH values ranging from 0.8 to 9.7 and temperatures as high as 
94°C (37). Driven by localized difference in subsurface geology (38), these orders of 
magnitude differences in hydrogen ion concentration and temperature extremes influence 
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many geochemical parameters crucial to microbial metabolisms (and directly constrain 
many microbial metabolisms by affecting enzyme stability). The dramatic variations in 
hot spring outflow water geochemistry make YNP the ideal location to study the effects 
of geochemical variations on microbial community dynamics. As a result, YNP has been 
the location of many previous extremophile studies (39–43), resulting in the discovery of 
many new species (2, 39, 44, 45) and metabolic processes (7, 8, 46, 47). Additionally, 
YNP has a rich history as a region containing industrially relevant enzymes, including 
Taq polymerase, a thermostable DNA polymerase commonly used in PCR amplification, 
which was isolated from a YNP strain of Thermus aquaticus (48).  
 The high geochemical diversity found within YNP, coupled with a large interest 
in studying extremophilic microbes, has led to the sequencing of multiple metagenomes 
from within the park (36, 49–52). Of high interest to this dissertation are two Joint 
Genome Institute (JGI) sequencing projects involving a total of twenty-five sites within 
YNP (36, 51). The first dataset is from Bison Pool, an alkaline hot spring located in the 
Lower Geyser Basin region of YNP which was subjected to 471 million base pairs of 
Sanger sequencing spread among five sites along its outflow channel (36). In addition to 
the Bison Pool dataset, this dissertation utilizes twenty YNP metagenomes collected from 
eighteen distinct hydrothermal systems (51) consisting of fourteen chemotrophic and six 
phototrophic communities. Importantly, these twenty-five metagenomic datasets are 
accompanied by extensive geochemical metadata consisting of twenty geochemical 
parameters which represent the geochemical diverse found within YNP.  
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1.1.3 Markov Clustering 
 This dissertation utilizes a Markov clustering algorithm (53) previously used to 
cluster protein families present across sequenced microbial genomes (54, 55). Influenced 
by these studies, it was hypothesized that the counts of protein families shared among 
microbes could be used to determine an evolutionary distance between organisms which 
would improve on traditional phylogenetic (16S rDNA) distances by incorporating entire 
proteomes into evolutionary distance calculations.  
 As a proof of principle, this proteome-based distance estimation was tested 
through the calculation of a Markov cluster distance (metabolic proteome Euclidean 
distance) between all 1,124 single organism genomes available from the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) database (56). In addition, the 16S rDNA 
sequences for these 1,124 organisms were acquired and used to determine the 16S rDNA-
based phylogenetic distance between microbes. The resultant Markov cluster distances 
verses 16S rDNA phylogenetic distances are shown in Figure 1-1 as a pairwise 
comparison of all organisms within the KEGG database. Points within Figure 1-1 are 
color-coded to show taxonomic domains, with comparisons between bacteria colored 
black, comparisons between archaea colored red and cross-domain comparisons between 
bacteria and archaea colored blue. Figure 1-1 demonstrates the large metabolic and 
phylogenetic distances between bacteria and archaea with all bacteria-archaea points 
contained within the upper-right corner of this plot. Interestingly, this plot demonstrates 
similar patterns within bacteria and archaea as both show metabolic distances that 
increase much more rapidly than concomitant taxonomic distances (the strongly positive 
slope at the left hand part of Figure 1-1). However, for both bacteria and archaea, short 
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phylogenetic distance does not necessarily result in similar metabolic profiles as Figure 
1-1 demonstrates an “envelope” of allowable space: there are apparent—though still 
unknown—constraints limiting small metabolic changes at high phylogenetic distances 
while allowing large metabolic changes at short phylogenetic distances. Further, Figure 
1-1 demonstrates the substantial limitations of  predicting an organism’s metabolic 
profile based on 16S rDNA sequence similarity, implying that a community profile based 
on 16S rDNA will provide an inadequate representation of the metabolic potential within 
a microbial community.       
 This dissertation extended the application of the Markov clustering algorithm to 
the study of protein family overlap among metagenomic data sets. The Markov clustering 
algorithm is ideal for clustering metagenomic sequences as the clusters are based on 
sequence homology rather than reference database-derived annotations. This allows for 
the generation of clusters from proteins with no known function but that are found in 
multiple metagenomes, ostensibly playing important roles in these community. In 
addition, clusters can consist of homologous proteins from multiple species, including 
unclassified species. Therefore, this algorithm yields unbiased clusters based on whole 
community proteomic compositions without reliance on reference databases.  
 
1.2 Geochemical Constraints on Microbial Community Evolution and Diversity 
 An analysis of the Bison Pool metagenomic dataset demonstrated the applicability 
of the Markov clustering algorithm for determining a whole community, proteome-based, 
distance between metagenomic samples (36). The Bison Pool dataset includes five 
metagenomes sampled along a single hydrothermal outflow channel (Figure 1-2).  This 
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sampling strategy allowed for the collection of samples in close geographic proximity 
which contain large community taxonomic differences along a steep physico-chemical 
gradient. Application of the Markov clustering algorithm to this dataset allowed for the 
determination of protein family overlap counts among the five sampled locations. A five-
way Venn diagram (Figure 1-3) demonstrates high proteome overlap counts between 
phototrophic communities (sites 4 and 5) with 1984 shared protein families and high 
overlap counts between high temperature chemotrophic communities (sites 1 and 2) with 
929 shared protein families. In contrast, overlap counts between high temperature 
chemotrophic communities and phototrophic communities where much lower at 49 
(between sites 1 and 5), 23 (between sites 1 and 4), 85 (between sites 2 and 4) and 103 
(between sites 2 and 5). Converting counts among sampled locations into a dendrogram 
(Figure 1-4) reveals tight clustering of the two phototrophic communities along with tight 
clustering of the two highest temperature chemotrophic communities, as demonstrated by 
the Venn diagram. Interestingly, the chemotrophic community sampled just above the 
onset of photosynthesis (site 3) shares many protein families with both the chemotrophic 
and phototrophic communities, although it clusters nearest to the other chemotrophic 
sites. Further investigation into site 3 indicates that it represents a transition zone between 
chemotrophic and phototrophic metabolisms which is likely subjected to seasonal 
variations in metabolic and taxonomic composition (57). The clear clustering by physico-
chemical properties despite the Markov clustering algorithm not integrating geochemical 
input demonstrates both the influence of environmental geochemistry in differentiating 
the functional compositions of adjacent microbial communities as well as the power of 
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Markov clustering to distinguish protein family compositional differences when applied 
to metagenomic datasets.  
  A primary focus of this dissertation is integrating metagenomics and 
geochemistry. Therefore, to maximize the inclusion of geochemical variables subsequent 
analyses center around a twenty-five sample subset collected within YNP which includes 
metadata for twenty physical and geochemical parameters. This dissertation compares 
Markov cluster based distances between these metagenomes and geochemical metadata 
to identify many key physical and geochemical parameters which are responsible for 
shaping microbial community composition, function, and complexity. This dissertation 
confirms the strong roles that pH and temperature play in influencing microbial 
community composition and function. Additionally, data presented here demonstrates 
that expansion upon the parameters typically measured as part of metagenome studies 
(temperature, pH, and salinity) can substantially improve attempts to explain or predict 
biological variability as a function of environmental dynamics. Further, multivariate 
analyses suggest microbe-environment interactions are best described through the 
incorporation of all available measures of environmental geochemistry. However, 
multivariate analyses confirm the increased influences of certain geochemical parameters 
(e.g. temperature and pH) while demonstrating the covariance of many geochemical 
parameters, allowing for dimensionality reduction and parameters to serve as proxies for 
others (e.g. aluminum and iron concentrations are strongly influenced by pH). 
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1.3 DNA Migration 
 It has been theorized that any microbe can populate any location on Earth, if the 
microbe and the environment are compatible (58, 59). This idea is best captured in a 
quote by Lourens Baas Becking and Martinus Beijerinckin in 1934, “everything is 
everywhere, but the environment selects.” Today, genomic sequencing allows for the 
base-by-base comparative analysis of homologous DNA sequences with differences used 
as the basis for determining phylogenetic relationships and divergence times. This 
approach can be applied to environmental sequencing by analyzing homologous DNA 
sequences present across multiple environmental metagenomes. Comparative analyses of 
homologous environmental DNA sequences can then be used to determine divergence 
times between organisms populating distinct natural systems. In addition, highly similar 
DNA sequences can be analyzed quantitatively to determine the relative frequencies of 
DNA movement between natural systems. Chapter 3 of this dissertation compares 
homologous DNA counts among environments to physical and geochemical gradients to 
identify geographical, physical, and chemical barriers that limit microbial migration 
across natural systems. The data presented in this dissertation demonstrates that several 
aspects of geochemistry, including temperature and pH, dominate other factors like 
geographic distance or isolation in posing the greatest barriers to gene flow in YNP hot 
spring communities. 
  
1.4 Improved Metagenomic Data Analyses 
 The largest hurdle facing studies which utilize metagenomic sequencing is not the 
generation of new sequence data but data analysis. With next generation sequencing 
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projects producing gigabases of raw sequence data it is an extremely computationally 
intensive task to process the data into a form which can be used for meaningful research. 
Further, analysis tools and methods are fragmented and research group specific with no 
forthcoming consensus. As a result, there is a constant need for novel computational 
analysis methods which are robust, fast, accurate and easily deployable. This study 
investigates the use of a Markov clustering algorithm (described previously) and longer 
oligonucleotide word lengths as promising techniques for improving the ability to cluster 
sequence data into taxonomic and functional groups within and among metagenomic 
datasets. Additionally, as metagenomes become increasingly prevalent this study 
investigates the effectiveness of using metagenomes as an alternative to 16S rRNA 
sequencing for the determination of the taxonomic profile within a natural system.  
 
1.4.1 Oligonucleotide Signatures 
 Microbes maintain biases in their nucleotide usage that are reflected in their 
genetic material, commonly referred to as oligonucleotide signatures. These biases were 
initially noted as the average (G+C) content in microbes, ranging from 17% to 74% (60). 
However, biases extend well beyond mononucleotides, to lengths in excess of twenty-
five nucleotides in Archaea (61). These biases are thought to be a result of codon usage 
patterns due to environmental limitations (62), as well as biases in DNA replication and 
repair systems (63). As oligonucleotide signatures are generally conserved across an 
organism’s entire genome they have become a powerful tool for inter-genome 
comparisons (64–75) and very useful method for taxonomy-based binning of DNA from 
environmental metagenomes (36, 76–78). 
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 Despite evidence that oligonucleotide signatures of up to eight words in lengths 
may be useful for clustering (66, 67, 79) most work has concentrated on word lengths of 
two or four (dinucleotide and tetranucleotide), often without clear rational for not 
analyzing longer word lengths. Additionally, while a comprehensive analysis was 
completed to verify the usefulness of tetranucleotide signatures for comparative studies 
(80), there are no large-scale comparative studies validating tetranucleotide signatures as 
the optimal oligonucleotide word length for classifying genomes and metagenomes. 
Furthermore, the recent, dramatic expansion in the availability of sequenced genomes 
from across the tree of life compels a more comprehensive analysis, undertaken herein, of 
oligonucleotide biases across a range of word lengths and including all prokaryotic 
genomes available via NCBI’s publicly available repository. 
 This dissertation expands previous oligonucleotide studies to include 1,424 
sequenced microbes, including 1,315 bacteria and 109 archaea, analyzing oligonucleotide 
usage biases from mononucleotides through nonanucleotides. This dissertation also 
examines the extent to which oligonucleotide signatures are preserved in varying sized 
fragments of entire genomes, so as to replicate the smaller fragment sizes associated with 
metagenomic sequencing and assembly. The data presented in this dissertation 
demonstrates that longer word lengths are more informative and therefore allow for 
increases phylogenetic differentiation, nearing the classification accuracy of 16S rDNA. 
Data within this dissertation also demonstrates improved taxonomic classification 
accuracy from the use of longer oligonucleotide word lengths when applied to 
metagenomic scaffolds.  
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1.4.2 Taxonomic Profiles from Metagenomic Sequencing 
  Microbial community taxonomic studies comprise a variety of sequencing 
techniques with the most common being 16S rDNA libraries (81, 82). The widespread 
use of the 16S rDNA gene for taxonomic analysis has led to the development of 
comprehensive reference databases containing millions of 16S sequences (83, 84). Due to 
the availably of 16S-specific reference databases many community sequencing projects 
generate 16S rDNA libraries in conjunction with metagenomic sequencing, although 16S 
libraries are often generated without a corresponding metagenome as a straight-forward 
method for determining a community taxonomic profile or to estimate the diversity 
within a community (85). However, the rapid decrease in per-base sequencing costs has 
led to the increased use of deep metagenomic sequencing as the primary methodology for 
investigating microbial communities. Recognizing the increased availability of 
metagenomes this study compares the taxonomic profiles generated from 16S rDNA 
libraries to the taxonomic profiles which can be extracted from metagenomic datasets to 
determine the usefulness of generating a complementary or stand-alone 16S rDNA 
profile.  
This dissertation invokes a data set of twenty-four hydrothermal metagenomic 
samples from YNP (detailed above) (36, 51) which span a 6.6 pH unit gradient coupled 
with a 57°C temperature gradient allowing for the inclusion of archaeal, chemotrophic 
bacterial and phototrophic bacterial communities. Additionally, the investigation of 
biases in community profiling between 16S and metagenomics in hydrothermal 
environments produces results and conclusions applicable to extremophilic analyses. 
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 Data presented within this dissertation from comparisons between 16S rDNA-
based community profiles and metagenomic-based community profiles finds a significant 
increase in taxonomic richness within metagenomic datasets despite similar site diversity 
indices. Additionally, this dissertation finds that 16S rDNA libraries lack to ability to 
generate accurate domain level taxonomic profiles, easily obtained from the universal 
primers used with shotgun sequencing.  
 
1.5 Layout of Dissertation 
 This dissertation is made up of four chapters that are either published, in press, or 
will be submitted to peer-reviewed journals.  
 Chapter 2 “Merging Metagenomics and Geochemistry Reveals Environmental 
Controls on Biological Diversity and Evolution” has been accepted for 
publication in BioMed Central (BMC) Ecology.  
 Chapter 3 “Patterns and rates of microbial evolution: evidence for a deep hot 
biosphere beneath Yellowstone National Park” will be submitted for peer review. 
 Chapter 4 “Estimating Microbial Diversity and Abundances in Natural 
Communities: Reconciling Metagenomics and Environmental 16S Sequencing” 
will be submitted for peer review. 
 Chapter 5 “Resolving Prokaryotic Taxonomy without rRNA: Longer 
Oligonucleotide Word Lengths Improve Genome and Metagenome Taxonomic 
Classification” was published in PLOS ONE, July 1, 2013. 
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Figure 1-1: Comparison of Markov cluster distance (metabolic proteome distance) verses 
16S rRNA phylogenetic distance for 1,124 sequenced organisms within the KEGG 
database. Comparisons between bacterial genomes are colored black, comparisons 
between archaeal genomes are colored red and cross-domain comparisons between 
bacterial and archaeal genomes are colored blue. 
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Figure 1-2: Bison Pool, an alkaline hot spring located in the Lower Geyser Basin region 
of YNP which was subjected to 471 million base pairs of Sanger sequencing spread 
among five sites along its outflow channel. Sites 1, 2 and 3 where sampled within the 
chemotrophic region of the outflow channel while sites 4 and 5 were sampled from the 
phototrophic region.   
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Figure 1-3: Five-way Venn diagram demonstrating counts of Markov clusters shared 
among five Bison Pool metagenomic data sets. Higher counts demonstrate higher protein 
family similarity between sites.  
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Figure 1-4: Dendrogram generated from counts of Markov clusters shared among five 
Bison Pool metagenomic data sets. Shorter branch length between sites in the 
dendrogram correlates to proteome composition similarity. Dashed line indicates the 
transition between chemotrophic (top) and phototrophic metabolisms (bottom). 
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Chapter 2 
MERGING METAGENOMICS AND GEOCHEMISTRY REVEALS 
ENVIRONMENTAL CONTROLS ON BIOLOGICAL DIVERSITY AND 
EVOLUTION 
2.1 Abstract 
The metabolic strategies employed by microbes inhabiting natural systems are, in 
large part, dictated by the physical and geochemical properties of the environment. This 
study sheds light onto the complex relationship between biology and environmental 
geochemistry using forty-three metagenomes collected from geochemically diverse and 
globally distributed natural systems. It is widely hypothesized that many uncommonly 
measured geochemical parameters affect community dynamics and this study leverages 
the development and application of multidimensional biogeochemical metrics to study 
correlations between geochemistry and microbial ecology. Analysis techniques such as a 
Markov cluster-based measure of the evolutionary distance between whole communities 
and a principal component analysis (PCA) of the geochemical gradients between 
environments allows for the determination of correlations between microbial community 
dynamics and environmental geochemistry and provides insight into which geochemical 
parameters most strongly influence microbial biodiversity. 
By progressively building from samples taken along well defined geochemical 
gradients to samples widely dispersed in geochemical space this study reveals strong 
links between the extent of taxonomic and functional diversification of resident 
communities and environmental geochemistry and reveals temperature and pH as the 
primary factors that have shaped the evolution of these communities. Moreover, the 
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inclusion of extensive geochemical data into analyses reveals new links between 
geochemical parameters (e.g. oxygen and trace element availability) and the distribution 
and taxonomic diversification of communities at the functional level. Further, an overall 
geochemical gradient (from multivariate analyses) between natural systems provides one 
of the most complete predictions of microbial taxonomic and functional composition. 
Clustering based on the frequency in which orthologous proteins occur among 
metagenomes facilitated accurate prediction of the ordering of community functional 
composition along geochemical gradients, despite a lack of geochemical input. The 
consistency in the results obtained from the application of Markov clustering and 
multivariate methods to distinct natural systems underscore their utility in predicting the 
functional potential of microbial communities within a natural system based on system 
geochemistry alone, allowing geochemical measurements to be used to predict purely 
biological metrics such as microbial community composition and metabolism. 
 
2.2 Introduction 
 The taxonomic and metabolic compositions of microbial communities are both 
shaped and constrained by the characteristics of their local environment. The 
characteristics of an environment, in turn, are defined by dynamic physical, geochemical 
and biological components whose complex interactions are very seldom included in –
omics-enabled interrogations of natural communities. This is despite the fact that several 
recent studies, typically focusing on only a few easily measured environmental 
parameters, show that natural communities are very tightly tuned—both in overall 
metabolic function and in community population structure—to nuances of their 
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environment (11, 33, 86). The architecture of natural communities is dictated by 
competitive and facilitative interactions that function to mold the metabolic strategies 
responsible for deriving energy and nutrients and maintaining homeostasis against 
dynamic extracellular environments (87, 88). These metabolic strategies are encoded 
within the genomes of individual community members, accessible through advances in 
sequencing technologies over the past two decades. Although studies comparing 
community metabolic potential among metagenomes have demonstrated changes in 
metabolic pathway usage based on environmental geochemistry (89, 90), the focus here is 
on broad rather than individual metabolic pathway specific deviations in whole 
community taxonomy and metabolic potential across physical and geochemical gradients. 
For a gene to be fixed within a subpopulation of organisms in a complex 
community, the cognate proteins encoded by the organisms’ genomes must function 
within the geochemical constrains of the environment. The narrow tolerances (e.g. 
temperature and pH ranges) of some proteins limit the availability of potential habitats 
for the whole organism, impacting gene flow and, ultimately, colonization ability of the 
species. For example, the habitat range of photosynthesis along a hydrothermal outflow 
channel, defined largely by constraints imposed by temperature (1), is a functional 
limitation that results in a substantial difference in community composition and function, 
despite negligible differences in physico-chemistry on either side of this upper 
temperature limit on photosynthesis. Additionally, it is becoming clear that the 
environmental factors that limit biological function are multidimensional. From the 
example above, the upper temperature limit for photosynthesis has been discovered to be 
both pH and sulfide dependent (7, 37, 41, 46). This interdependence between biology and 
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multiple interacting geochemical parameters, as exemplified by the limited distribution of 
photosynthesis, leads to the hypothesis that there are many additional facets of a 
community’s phenotype that are being shaped by the physical and chemical 
characteristics of an environment. It stands to reason that many geochemical limitations 
on a community’s phenotype have yet to be discovered—they simply aren’t so easy to 
follow as, for example, the appearance of photosynthetic pigments in a community—yet 
they may well play central roles in defining community structure and function. The 
overarching goal of this work is to expand upon current methods of identifying and 
ultimately quantifying the ecological interactions that most significantly define the 
structure and function of complex ecosystems.  
Here, this study integrates sequence data obtained by shotgun community genome 
sequencing approaches (metagenomics) (17, 91) with tools that enable sequence 
clustering based on a Markov clustering algorithm (53) with BLAST homology (53–55) 
to categorize metagenomic reads based on evolutionary distance (92–95). This approach 
offers a distinct advantage over clustering proteins based on function (i.e. Pfam or 
KEGG) as the latter approach potentially filters out evolutionary distance information 
which often extends beyond categories based on protein function (96, 97). Therefore, 
Markov clustering (and homology-based clustering methods, in general) provide a more 
direct measure of not only functional differentiation but also overall evolutionary 
distance among organisms (54). By applying Markov clustering methods to multiple 
metagenomic datasets sequence information can be used to determine an overall 
evolutionary distance between whole communities. The Markov cluster based measure of 
evolutionary distance can be combined with geochemical analyses allowing statistical 
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techniques including principal components analysis (PCA) and hierarchical clustering to 
be brought to bear in understanding the interactions between environment and 
community diversity. 
Whole community Markov clustering techniques were first tested using 
metagenomic datasets gathered along the best available physical, chemical and spatial 
gradients presently in public databases, and subsequently expanded to include samples 
gathered from a broader range of environments. This study reveals that several measures 
of community biodiversity have strong covariance with specific physico-chemical 
parameters, including temperature, pH, sodium concentration and nitrate availability. A 
multivariate analysis (PCA) of all geochemical parameters represents clustering by bulk 
geochemistry and groups metagenomic sites together based on geographic location. 
Differences in bulk geochemistry covary strongly with community biodiversity, 
indicating that the composition of the microbial community inhabiting a natural system is 
determined by a combination of all physical and geochemical parameters of the 
environment. 
 
2.3 Result and Discussion 
2.3.1 Validation of Markov Clustering Methods in Metagenomic Analysis 
 Markov clustering methods were initially focused on 22 metagenomic datasets 
from three studies encompassing very distinct ecosystems, chosen specifically because 
they extend across steep physical and geochemical gradients: a hydrothermal outflow 
channel (36), a hypersaline microbial mat (11) and a marine depth profile (33). These 
data sets allow for Markov clustering methods to be applied to natural systems with 
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documented community structures, allowing for validation of these methods. The caveat 
to integrating such a broad range of environmental studies is that, for most metagenomic 
samples, only a few physico-chemical parameters are available (usually temperature and 
pH). However, these comparisons are bolstered by an inclusion of recently published 
biogeochemical studies of hydrothermal ecosystems, where metagenome sequencing has 
been coupled to detailed physical and geochemical analyses (36, 98). 
 
2.3.1.1 Bison Pool  
The Markov clustering approach was first applied to ‘Bison Pool’, an alkaline hot 
spring within Yellowstone National Park, USA, where ~500 megabases of Sanger 
sequencing has been previously compiled from five locations along the outflow channel 
(36). Sites 1, 2 and 3 were sampled from the chemotrophic portion of the outflow and 
sites 4 and 5 were sampled from within the photosynthetic zone. These samples span a 
36°C (56.1°C to 92.1°C) temperature gradient, with concomitantly strong changes in a 
range of geochemical measurements such as dissolved O2, H2S, and inorganic nitrogen 
availability. A dendrogram (Figure 2-1A) based on Markov cluster analysis of these five 
metagenomes shows clustering of the photosynthetic sites (4 and 5) separate from the 
chemotrophic sites (1, 2 and 3), as would be expected based on taxonomic differences 
among the sites (36). Additionally, the higher temperature chemotrophic sites cluster 
separately from site 3, sampled just above the highest temperature where photosynthesis 
occurs (37) suggesting that this “ecotone” community is transitional between high 
temperature chemotrophic and lower temperature photosynthetic communities.  
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2.3.1.2 Guerrero Negro 
This study next applied Markov cluster to a dataset collected from Guerrero 
Negro, Mexico, which contains approximately 84 megabases of Sanger sequencing of 
community genomes sampled along millimeter depth scales through ten successive layers 
of a hypersaline microbial mat (11). A cluster analysis based dendrogram representing 
this sample set (Figure 2-1B) shows clustering of the top 3 mm of the mat separate from 
the 4 to 50 mm samples with additional clustering of samples from similar depth ranges 
throughout the mat. As temperatures and pH are not reported as varying over the 49 mm 
depth profile this study must look elsewhere for the cause of the community shifts. 
Commentary from this study indicates a large drop in oxygen coupled with an increase in 
H2S with depth as the driving force for microbial community changes (11). This 
transition from an oxic environment to a hypoxic sulfidic environment co-occurs with a 
major shift in the microbial population and community metabolic strategies, captured in 
cluster analyses (Figure 2-1B). In addition, the clustering of the top 3mm of mat away 
from the bottom 46mm likely correlates with a transition from a mixed 
phototrophic/chemotrophic community to one supported by chemotrophy and may be 
related to a shift from aerobic to anaerobic metabolism.  
 
2.3.1.3 HOT-ALOHA  
A marine depth metagenomic profile was also included in this study as the 
physical and chemical characteristics of the marine water column are known to undergo 
changes with increasing depth (33). Samples from the Hawaii Ocean Time-series (HOT) 
station ALOHA contain approximately 64 megabases of Sanger sequencing of 
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community genomes sampled from seven depths that range from 10 to 4,000 meters (33). 
A dendrogram based on Markov clustering (Figure 2-1C) demonstrates stratification by 
depth, with nearest neighbors typically coming from similar depths. Clustering occurs 
with the shallowest samples within the photic zone (10m and 70m), representing the 
separation of samples dominated by photosynthetic metabolisms. Principal component 
analysis (PCA) of reported geochemical measurements (Table 2-1) demonstrates that the 
data can be reduced to two principal components (PC1 and PC2) with combined 
Eigenvalues explaining 96.8% of the variation (PC1 alone accounts for 85.3% of the 
variation). A biplot of the two principal components (PC1 verses PC2) (Figure 2-2) 
shows separation of tightly clustered photic zone depths (blue points) away from deep 
water depths (red points). Microbial community changes are reported along the depth 
gradient with surface waters including Cyanobacteria, Verrucomicrobia, Bacteroidetes 
and Proteobacteria while deeper waters include members of the Deferribacteres, 
Planctomycetes, Acidobacteria, Nitrospirae and Proteobacteria phyla (2), despite the 
depth vector on the biplot being orthogonal to PC1. Along PC1 temperature and 
dissolved organic carbon (DOC) covary and both exhibit anti-covariation with dissolved 
inorganic carbon (DIC), nitrite + nitrate (N+N) and dissolved organic phosphorus (DOP). 
On the whole, PCA demonstrates that depth, as a major component of PC2, is not a good 
indicator of bulk geochemistry or of community structure or function in marine samples, 
despite samples clearly segregating into photic and deep water clusters. PCA also 
suggests other unmeasured variables (most obviously, photon availability) could be 
driving microbial community changes and underscores an important message: missing or 
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unmeasured physico-chemical variables directly constrain the ability to make meaningful 
inferences about the interaction between life and environment. 
 
2.3.2 Expanded Application of Markov Clustering to Diverse Community 
Metagenomes 
2.3.2.1 Role of Environmental Variation in Defining Community Function  
The twenty-two metagenomic samples described above occur along diverse 
spatial and geochemical gradients and, as whole, present key opportunities to connect 
geochemistry to changes in biological diversity, community structure, and function. 
Importantly, many additional metagenomes are available that, although not purposefully 
sampled along continuous gradients, are useful where physico-chemical measurements 
were made in tandem with biological sampling. Due to the increase in available 
metagenomic data sets it becomes both statistically feasible and potentially very 
informative to correlate physical and geochemical differences to changes in the 
taxonomic and functional diversity of microbial communities. Correlations between 
geochemistry and biodiversity help identify the key geochemical parameters which shape 
and constrain taxonomic and functional biodiversity. Figure 2-3 shows a dendrogram 
derived from combining the ‘Bison Pool’ (36), Guerrero Negro (11) and HOT-ALOHA 
(33) datasets with a hydrothermal sediment metagenome from Great Boiling Spring 
(GBS), Nevada, USA (99) and twenty additional metagenomes from Yellowstone 
National Park (YNP) (98, 100–102). Markov cluster analysis of this forty-three 
metagenome dataset shows a clear separation of hydrothermal and mesothermal sample 
sites, most notably the separation of the mesothermal Guerrero Negro and HOT-ALOHA 
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sites from the hydrothermal YNP and GBS sites. Note also the temperature segregation 
within the hydrothermal samples: the lower temperature (phototrophic) YNP sites, 
including White Creek, Chocolate Pots, and ‘Bison Pool’ sites 4 and 5 all cluster closest 
to the mesophilic sites, although the high temperature (chemotrophic) YNP and GBS 
sites cluster separately. A temperature dependent pattern of clustering due to functional 
variation between sites is intriguingly similar to the temperature dependent 
photosynthetic fringe mentioned previously. The successful clustering of whole microbial 
communities based on temperature differences provides an additional line of evidence 
supporting the utility of Markov clustering based approaches in comparative genomics 
analysis. 
 Additionally, a broad level of community segregation based on pH is evident 
across both GBS and YNP hydrothermal sites, with alkaline samples from Calcite Spring, 
Washburn Spring, Great Boiling Spring and ‘Bison Pool’ clustering separately from 
acidic sites, including ‘Alice Spring’, Monarch Geyser and Cistern Spring. A pattern of 
clustering based on metabolic potential as a function of pH is consistent with previous 
studies conducted across spatial geochemical gradients in YNP which suggest that pH is 
the dominant factor shaping the diversification of bacteria and/or archaea at a taxonomic 
level (47). The strong influence of pH on the taxonomic and functional composition of 
hydrothermal communities may reflect different adaptations to deal with acidity (47, 103) 
or may reflect pH-dependent shifts in the energetics associated with inorganic redox 
couples thought to be fueling these communities (40). 
The clustering of communities based predominantly on pH and temperature 
observed throughout Figure 2-3 is particularly notable in that it dominates clustering 
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based on biological features, such as the taxonomic or metabolic compositions of 
communities (89, 90). For instance, the HOT-ALOHA, Guerrero Negro, and YNP 
datasets all include metagenomes dominated by cyanobacteria whose metabolism is 
driven by oxygenic photosynthesis, yet clustering of these photosynthetic communities 
by inorganic factors suggests they have evolved on trajectories optimizing their genomes 
for conditions specific to each of these environments.  
 Markov cluster-based evolutionary distances were plotted against temperature 
(Figure 2-4A) and pH (Figure 2-4B) for all pairwise comparisons among the forty-three 
metagenomes included in this study. Mantel tests (104) show temperature correlates with 
Markov distance with a Mantel r value of 0.54 (p < 0.001) and pH correlates with a 
Mantel r value of 0.41 (p < 0.001). Although both results show high correlations when 
compared to other ecological studies using Mantel r values (24, 105, 106), it is important 
to note that the relationships shown in both plots are clearly nonlinear. This nonlinear 
relationship suggests “envelopes” of allowable space demonstrating that large 
temperature and/or pH differences drive concomitantly large evolutionary divergences 
and that communities inhabiting similar temperature and pH ranges are not necessarily 
evolutionarily related. Certainly organisms and communities have adapted to physico-
chemical extremes many times throughout the history of life, and finding unrelated 
communities occupying similar temperature and pH ranges supports the notion that those 
adaptations often occur through novel, independent, evolutionary strategies and are not 
simply the result of adaptation to a small set of environmental variables. 
 Correlations between microbial community evolutionary divergence and 
temperature and pH invited deeper exploration of the extensive physical and geochemical 
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data available for some of these metagenomes, in particular a subset of twenty-two 
metagenomes sequenced as part of several studies of YNP hydrothermal ecosystems 
(Table 2-2) (36, 98, 100–102). Physical and geochemical metadata includes 
measurements of temperature, pH, sodium, potassium, calcium, aluminum, iron, 
magnesium, chloride, phosphorus, silicon, boron, arsenic, zinc, manganese, dissolved 
oxygen, sulfate, nitrate, sulfide, dissolved organic carbon (DOC) and dissolved inorganic 
carbon (DIC).  
To test for correlation between evolutionary distances and geochemistry, Mantel 
tests (104) were performed between all geochemical parameters and Markov cluster-
based evolutionary distances (Figure 2-5 and Table 2-3). Several parameters showed 
slight to moderate correlations (24, 105, 106) with evolutionary distances, including 
chloride (Mantel r = 0.198, p = 0.007), zinc (Mantel r = 0.199, p = 0.010), DIC (Mantel r 
= 0.201, p = 0.018) and silicon (Mantel r = 0.118, p = 0.045). Notably, the parameters 
showing strongest correlation were, once again, temperature (Mantel r = 0.376, p = 
0.001) and pH (Mantel r = 0.484, p = 0.001). These results reiterate the strong influences 
temperature and pH have on microbial community evolutionary distance as compared to 
other geochemical parameters. Importantly, the lack of correlation of Markov cluster 
distance with some geochemical analytes does not imply lack of a relationship; because 
these analyses cluster entire metagenomes, the influence of physico-chemistry on 
individual enzymes and pathways—many of which are known to be strongly dependent 
on environmental conditions—is, in effect, averaged out.  
 A covariance matrix based on the twenty included geochemical parameters was 
used as the basis for a principal component analysis (PCA) of site geochemistry with the 
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Eigenvalues for the first three principal components (PC1, PC2 and PC3) accounting for 
61% of the geochemical variation among the twenty-two YNP sites. An overall 
geochemical distance between YNP sites was calculated by determining the Euclidean 
distance between YNP sites in (PC1, PC2, PC3) space. A Mantel test was then performed 
between the overall geochemical distance and the Markov cluster based evolutionary 
distance for all YNP sites finding a Mantel r value of 0.3861 (p < 0.001). Although this 
correlation is weaker than temperature or pH when analyzed individually, a plot of 
overall geochemical distance verses Markov cluster distance does not display the 
“envelope” seen in temperature and pH plots. Unlike the “envelope” seen with 
temperature and pH the overall geochemistry plot is void of points at high community 
evolutionary distance and low geochemical difference (upper left) indicating that 
substantially different microbial communities do not inhabit environments with overall 
similar geochemistry. PCA demonstrates that when analyzed together many site 
geochemical parameters act in concert to influence the microbial community populating a 
natural environment. Additionally, PCA hints that the strong correlation with pH might 
not be due to the concentration of H
+
, but to the effect pH has on the speciation of other 
compounds and the energetic favorability of using these compounds in microbial 
metabolisms (40). 
 
2.3.2.2 Role of Geochemical Variation in Defining Community Biodiversity  
Finally, this study used multivariate techniques to investigate which geochemical 
parameters most strongly amplify or constrain microbial community diversity. Because 
biodiversity can be defined quite differently depending on the context and scientific field 
 32 
 
(107, 108), this study chose three distinct measures of biological diversity to measure and 
correlate with environmental metadata. These diversity measurements include: taxonomic 
diversity (derived from genera counts within each metagenome), functional diversity 
(derived from metabolic enzyme category (EC) counts within each metagenome), and 
community complexity (derived from Markov cluster counts within each metagenome). 
These three measures of diversity were correlated with the twenty geochemical 
parameters described above (Table 2-4). Covariance (r from 0.5 to 1) is shaded black and 
anti-covariance (r from -1 to -0.5) is shaded grey. This analysis shows temperature anti-
correlating with genera counts (r = -0.59) and EC counts (r = -0.57) while pH correlates 
with genera counts (r = 0.71), EC counts (r = 0.62) and Markov cluster counts (r = 0.63). 
The covariance matrix suggests that low temperature alkaline environments promote 
community biodiversity whereas high temperature acidic environments constrain 
biodiversity. Additionally, Markov cluster count is correlating with sodium (r = 0.50) and 
nitrate (r = 0.50) concentrations while genera count is anti-correlating with zinc 
concentration (r = -0.54); the functional significance of these relationships is not clear 
although the strong correlation with sodium may corroborate previous studies suggesting 
salinity (represented by sodium) as a predominant driver of taxonomic biodiversity (109). 
Importantly, the three measurements of biodiversity correlate strongly with one another 
(bottom-right corner of Table 2-4). As genetic, functional, and taxonomic diversity are all 
ultimately encoded at the genetic level and subject to Darwinian evolution, this strong 
correlation is not surprising, but serves as reassurance that this studies independently 
derived measures of biodiversity are in-fact related. 
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 A biplot (Figure 2-6) generated from a PCA of the geochemical and diversity 
correlation matrix shows where the metagenomic sites lie within physico-chemical and 
biodiversity space. Archaeal-dominated sites (YNP 1, 2, 3, 4, 8, 14 and 19) populate the 
upper right quadrant of the biplot, hinting that the geochemical parameters associated 
with these sites exclude bacterial life that lack functional adaptations to inhabit these 
springs (110). The photosynthetic mat samples collected from the Lower Geyser Basin 
(BP 4, 5, YNP 6, 15 and 16) show clustering, but separate from the photosynthetic mats 
found at Mammoth hot springs (YNP 5 and 20). Aquificales-dominated sites (YNP 10, 
11, 12 and 13) do not cluster with each other, but instead cluster based on geographic 
proximity and geochemical similarity. For instance, YNP 11 (Octopus Spring) clusters 
with Bison Pool site 1; both springs are alkaline and are proximal geographically. 
Likewise, YNP 14 (One Hundred Springs Plain) clusters with other Norris Geyser Basin 
springs such as YNP 3 (Monarch Geyser). Bison Pool (BP) sites illustrate the strengths of 
PCA for correlating this multidimensional dataset: all five BP sites are in the same region 
of the biplot due to the overall similar geochemistry among sites and, further, are aligned 
in a linear fashion parallel to the temperature vector (due to the 32
o
C temperature 
gradient along the outflow). The placement of similar sites on the PCA biplot illustrates 
the predictive power of PCA as implemented here; one could reasonably predict where a 
new site might plot based on measurements of only a handful of well-chosen biological 
and physico-chemical parameters. 
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2.4 Conclusions 
 Markov cluster based comparisons of metagenomes coupled with multivariate 
analyses identified many key physical and geochemical parameters which are responsible 
for shaping microbial community composition, function, and complexity. Most 
metagenomic datasets include very limited (or no) environmental metadata; here this 
study focused on a subset of metagenomes with detailed measurements of pH and 
temperature, and a subset of these (from hydrothermal systems) with 18 additional 
geochemical measures that could be compared. These analyses support the strong role 
that pH and temperature play in influencing microbial community composition and 
function, accounting for the highest average Mantel correlations (0.48 for pH and 0.38 for 
temperature) to evolutionary distance between metagenomes. Importantly, upon the 
inclusion of additional geochemical parameters it was found that the availability of 
carbon compounds as well as micronutrients such as iron and zinc all correlate (or 
anticorrelate) with diversity measures. Multivariate analyses suggest that these biology-
environment interactions are multidimensional: techniques integrating many physical and 
chemical measurements performed as well as or better than nearly all of the individual 
parameters at predicting differences in biodiversity. This demonstrates that the 
parameters typically measured as part of metagenome studies (temperature, pH, depth) 
can be substantially improved upon in attempts to explain or predict biological variability 
as a function of environmental dynamics.  
 Finally, this analysis lays the groundwork for predicting community metabolism 
and various metrics of diversity based on site geochemistry. For example, PCA analysis 
of YNP community metagenomes and bulk geochemistry can predict biological 
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properties of an unknown site based on geochemistry, and vice versa. Future 
metagenomic studies can continue to improve the resolving power of these predictions 
simply by including a small number of relatively straightforward measurements of 
physical and geochemical conditions along with biological sampling. This study 
represents an important advance toward predictive understanding of biology-environment 
interactions, and a compelling justification for coordinating environmental/geochemical 
measurements in –omics-enabled studies of natural environments. 
 
2.5 Methods 
 All metagenomic datasets were downloaded as inferred amino acid sequences 
from the Joint Genome Institute Integrated Microbial Genomes with Microbiome 
Samples (JGI IMG/M) (99) web server. All metagenomic datasets were combined into a 
single FASTA file and compared using a complete all-verses-all NCBI BLAST (111). 
BLAST results were then parsed to hits with e-values better than 10
-40
. Parsed BLAST 
results were fed into the mcl (54) Markov clustering algorithm using an inflation value of 
1.2. The mcl algorithm generates a network where nodes represent individual genes or 
proteins and the edges between them are weighted based on some measure of homology 
(here, BLAST e value, though in principle any homology score can be used). The 
heuristic then performs Markov walks across this network—quasi-random walks between 
nodes whose probability of traversal depends upon the strength of the edge connecting 
them (dependent on the homology score). Network edges are strengthened or weakened 
based on the number of traversals during each iteration, with the inflation parameter 
influencing how rapidly edges are strengthened and whether or not an edge is ‘severed’. 
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This procedure of random walks followed by edge strengthening and/or culling is iterated 
until convergence, typically when no edges are strengthened or lost from the network. At 
convergence, nodes which remain connected are output as Markov clusters. BLAST e-
value cut-off and MCL inflation values were chosen such as to maximize the inclusion of 
homologous proteins into resultant Markov clusters (36, 54). Perl scripts were written to 
determine the Jaccard (binary) dissimilarity between metagenomes by summing the total 
clusters shared by a pair of metagenomes and dividing by the total number of Markov 
clusters in each metagenome pair, resulting in a dissimilarity value of 0 (all Markov 
clusters occur in both metagenomes) and a dissimilarity value of 1 (no Markov clusters 
occur in both metagenomes). Perl scripts were then used to convert Jaccard dissimilarities 
among all metagenomes into distance matrices. Distance matrices were converted into 
dendrograms using the NEIGHBOR program within the PHYLIP software package 
(112). Markov cluster distances were calculated as the total branch length distance 
between dendrogram terminal nodes (leaves) using the TreeIO module within the BioPerl 
(113) software package. 
 Perl scripts were used to generate dissimilarity matrices using all geochemical 
gradients (differences) between sampled locations. Additional, Perl scripts were used to 
generate dissimilarity matrices from the calculated Markov cluster distances among 
metagenomes. Mantel tests were performed in R (114) using the Vegan package (115) 
function “mantel”. Mantel tests were completed with the Pearson method using 1,000 
permutations. Mantel test results were plotted as geochemical difference verses Markov 
cluster distance for all metagenome pairs with separate plots for each geochemical 
parameters.  
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Correlation matrices and PCA analyses were completed using the base package R 
(version 2.11.1) (114) with the raw geochemical measurements as input. Correlation 
matrices were calculated using the “cor” function in R using the Pearson correlation 
method. PCA was completed using the Vegan package (115) functions “rda“ with scaling 
enabled. PCA results were graphed using the “biplot” function with scaling of species 
and sites.  
 All metagenome sequences were compared to the NCBI non-redundant (nr) 
database and the KEGG (56) database using NCBI BLAST (111). EC count was 
determined by tallying all unique EC numbers with a minimum of two hits from the 
BLAST versus the KEGG database. Genus counts were completed by tallying unique 
genus level hits from the best BLAST hit to the nr database, if one existed with a e-value 
better than 10
-40
. Talley was parsed to include only genera within 80
th
 percentile of total 
hits, allowing genera with very low counts to be excluded from the analysis. Markov 
cluster counts were a tally of the number of Markov clusters within a metagenome. 
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8 
Depth Temp. Salinity DOC N+N DIP O DIC
(m) (°C) (mg/kg) (nmol/kg) (nmol/kg) (mmol/kg) (mmol/kg)
10 26.4 3.508 78 1 41 204.6 1967.6
70 24.93 3.521 79 1.3 16 217.4 1981.8
130 22.19 3.531 69 285 66.2 204.9 2026.5
200 18.53 3.504 63 1162 274.2 198.8 2047.7
500 7.25 3.407 47 28850 2153 118 2197.2
770 4.78 3.432 40 41890 3070 32.3 2323.8
4000 1.46 3.469 38 36560 2558 147.8 2325.5  
Table 2-1: Geochemical metadata reported with the HOT-ALOHA metagenomic datasets (33). 
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T pH Na K Ca Al Fe Mg Cl NH4 SO4 NO3 P Si B As Zn Mn S
2-
O2
(°C) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM) (mM)
YNP1 75 2.1 1.1 0.38 0.68 396 227 425 0.04 685 8.74 0 5.2 5.36 0.11 2.0 3.1 10.2 0 0
YNP2 89 4.7 4.6 0.29 0.39 37.4 1.5 57 4.1 230 1.34 5.8 0.11 2.82 0.26 8.7 1.3 33.9 3 0
YNP3 85 4 9.5 0.64 0.08 29.6 3.6 8.6 9.7 277 1.33 12 0 5.29 0.58 19.4 1.4 1.3 7.8 0
YNP4 78 6 10.5 2.00 0.42 3.0 1.6 43.6 8.9 8424 3.79 12 0 5.58 5.85 165 0.0 5.3 20 0
YNP5 57 6.2 3.93 0.97 8.82 0 0.7 2132 4.4 40 5.60 4.8 87.7 0.66 0.31 24 0.3 0.2 117 0
YNP6 52 8.2 3.59 0.39 0.42 3.3 1.7 13.8 1.8 1.9 0.23 2.1 3.2 3.83 0.07 5 0.2 4.7 0 188
YNP7 52 5.8 4.12 0.44 0.47 2.7 75.5 58.8 0.89 4.2 0.23 2.2 54.9 1.38 0.04 9 0.0 24 0 0
YNP8 73 3.3 10.8 0.28 0.11 64.8 36.6 14 14.2 88 1.05 19 0 10.4 0.69 28.4 1.5 1.6 10 22
YNP10 71 6.5 4.42 1.10 8.40 0.7 0.4 2219 4.55 40.1 5.66 6.5 38 0.72 0.30 20 0.0 0.4 67 0
YNP11 82 7.9 12 0.34 0.01 8.1 0.2 0 6.60 2.3 0.14 6.0 9 6.11 0.24 27.0 0.0 0 0 34
YNP12 75 7.8 8.81 2.40 0.60 8.1 3.2 251 6.62 1660 3.41 9.4 0 3.40 3.09 21 0.2 1 105 0
YNP14 73 3.5 10.8 1.38 0.10 65.3 31.6 9.1 13.20 87 1.18 18.5 0 5.67 0.65 24 1.0 1.2 3 30
YNP15 59.9 8.2 12.6 0.64 0.02 2.9 0.1 0.8 7.30 4.4 0.18 6.6 0 4.51 0.25 26 0.5 0.1 0 141
YNP16 35 8.1 9.38 0.10 0.05 3.1 0 3.5 5.20 1.3 0.18 6.7 11.9 2.38 0.21 13 0.0 0 0 31
YNP18 76 6.4 1.2 0.28 0.59 0 0 451 0.04 23960 16.67 46.0 23 1.82 0.55 3.9 0.0 0 157 0
YNP19 76 4.4 11.3 0.97 0.05 8.2 0.2 3 14 296 0.74 0 0 6.70 0.77 18.8 6.4 0 16.2 0
YNP20 54 6.2 5.05 1.25 9.75 6.7 0.7 2625 5.70 40 7.20 5.6 0 0.70 0.30 23 0.3 0 117 0
BP1 93.3 7.35 12.9 0.26 0.00 19.2 0 2.72 6.11 0 0.21 50.0 3.07 4.58 0.22 11.8 0.05 0 4.77 5.4
BP2 79.4 7.68 13.2 0.26 0.00 19.6 0 2.57 6.29 0 0.20 50.0 2.80 6.34 0.24 12.3 0.06 0.01 2.03 24
BP3 67.5 7.92 13.7 0.28 0.00 15.3 0.02 1.11 6.48 0 0.20 35.7 0 6.65 0.26 14.9 0 0 3.12 28
BP4 65.3 8.00 13.8 0.28 0.00 29.1 0 2.51 6.52 0 0.20 42.8 3.64 5.80 0.31 15.8 0.03 0.01 4.68 50
BP5 57.1 8.26 13.8 0.28 0.00 19.1 0.02 0 6.60 0 0.19 42.8 1.57 5.80 0.26 13.4 0.01 0 2.18 87.5  
Table 2-2: Geochemical metadata reported with the Bison Pool (36) and Yellowstone National Park metagenomic datasets 
(98). 
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Mantel r p-value
PCA 0.39 0.001
Al 0.14 0.048
As 0.01 0.278
B 0.06 0.187
Ca 0.08 0.123
Cl 0.20 0.009
DIC 0.20 0.017
DOC 0.12 0.079
Fe 0.10 0.088
K 0.05 0.189
Mg 0.08 0.121
Mn 0.10 0.079
NH4 -0.06 0.703
NO3 0.02 0.330
Na 0.11 0.068
O2 0.00 0.380
P 0.00 0.387
S
2- 
0.05 0.221
SO4 0.05 0.219
Si 0.12 0.047
T 0.38 0.002
Zn 0.20 0.012
pH 0.48 0.001  
Table 2-3: Mantel test p-values and significance results from comparisons between Markov cluster distance and geochemical 
differences for YNP metagenomes. 
  
  
4
1 
T pH Na K Ca Al Fe Mg Cl NH4 SO4 NO3 P Si B As Zn Mn S
2-
O2 Genera EC Clusters
T 1.00 -0.35 0.16 0.10 -0.26 0.17 0.02 -0.23 0.25 0.16 0.08 0.27 -0.32 0.36 0.22 0.14 0.24 0.12 -0.06 -0.41 -0.59 -0.57 -0.37
pH -0.35 1.00 0.36 -0.10 -0.02 -0.61 -0.60 -0.05 -0.26 -0.01 -0.26 0.35 0.01 -0.21 -0.02 -0.03 -0.62 -0.33 0.05 0.48 0.71 0.62 0.63
Na 0.16 0.36 1.00 -0.06 -0.45 -0.31 -0.42 -0.49 0.65 -0.35 -0.69 0.47 -0.48 0.65 0.12 0.19 -0.05 -0.43 -0.51 0.18 0.18 0.35 0.50
K 0.10 -0.10 -0.06 1.00 0.30 -0.14 -0.12 0.30 0.28 0.06 0.16 -0.34 0.00 -0.19 0.75 0.55 0.04 -0.14 0.42 -0.26 -0.41 -0.29 -0.36
Ca -0.26 -0.02 -0.45 0.30 1.00 -0.12 -0.10 0.99 -0.19 -0.09 0.40 -0.29 0.55 -0.64 -0.10 0.00 -0.14 -0.14 0.63 -0.25 0.07 -0.12 -0.16
Al 0.17 -0.61 -0.31 -0.14 -0.12 1.00 0.93 -0.06 -0.21 -0.09 0.26 -0.17 -0.15 0.22 -0.13 -0.16 0.38 0.19 -0.21 -0.15 -0.38 -0.27 -0.37
Fe 0.02 -0.60 -0.42 -0.12 -0.10 0.93 1.00 -0.05 -0.32 -0.08 0.25 -0.27 0.05 0.10 -0.13 -0.16 0.33 0.31 -0.20 -0.17 -0.31 -0.21 -0.33
Mg -0.23 -0.05 -0.49 0.30 0.99 -0.06 -0.05 1.00 -0.23 -0.02 0.49 -0.27 0.52 -0.65 -0.11 -0.03 -0.13 -0.15 0.68 -0.28 0.05 -0.14 -0.18
Cl 0.25 -0.26 0.65 0.28 -0.19 -0.21 -0.32 -0.23 1.00 -0.29 -0.45 0.01 -0.40 0.65 0.25 0.30 0.40 -0.35 -0.27 -0.08 -0.33 -0.14 -0.03
NH4 0.16 -0.01 -0.35 0.06 -0.09 -0.09 -0.08 -0.02 -0.29 1.00 0.77 0.30 0.07 -0.19 0.30 0.20 -0.13 -0.08 0.57 -0.19 -0.01 -0.03 -0.01
SO4 0.08 -0.26 -0.69 0.16 0.40 0.26 0.25 0.49 -0.45 0.77 1.00 0.02 0.27 -0.44 0.09 -0.01 -0.01 -0.07 0.79 -0.36 -0.12 -0.21 -0.27
NO3 0.27 0.35 0.47 -0.34 -0.29 -0.17 -0.27 -0.27 0.01 0.30 0.02 1.00 -0.21 0.29 -0.10 -0.12 -0.36 -0.33 0.00 -0.01 0.36 0.44 0.50
P -0.32 0.01 -0.48 0.00 0.55 -0.15 0.05 0.52 -0.40 0.07 0.27 -0.21 1.00 -0.60 -0.18 -0.11 -0.20 0.12 0.41 -0.24 0.23 0.06 0.04
Si 0.36 -0.21 0.65 -0.19 -0.64 0.22 0.10 -0.65 0.65 -0.19 -0.44 0.29 -0.60 1.00 0.12 0.16 0.33 -0.23 -0.59 0.15 -0.20 0.04 0.13
B 0.22 -0.02 0.12 0.75 -0.10 -0.13 -0.13 -0.11 0.25 0.30 0.09 -0.10 -0.18 0.12 1.00 0.89 -0.06 -0.05 0.15 -0.22 -0.39 -0.21 -0.21
As 0.14 -0.03 0.19 0.55 0.00 -0.16 -0.16 -0.03 0.30 0.20 -0.01 -0.12 -0.11 0.16 0.89 1.00 -0.11 -0.06 -0.02 -0.14 -0.28 -0.15 -0.07
Zn 0.24 -0.62 -0.05 0.04 -0.14 0.38 0.33 -0.13 0.40 -0.13 -0.01 -0.36 -0.20 0.33 -0.06 -0.11 1.00 0.07 -0.16 -0.20 -0.54 -0.38 -0.36
Mn 0.12 -0.33 -0.43 -0.14 -0.14 0.19 0.31 -0.15 -0.35 -0.08 -0.07 -0.33 0.12 -0.23 -0.05 -0.06 0.07 1.00 -0.23 -0.16 -0.27 -0.36 -0.34
S
2-
-0.06 0.05 -0.51 0.42 0.63 -0.21 -0.20 0.68 -0.27 0.57 0.79 0.00 0.41 -0.59 0.15 -0.02 -0.16 -0.23 1.00 -0.35 0.09 -0.04 -0.10
O2 -0.41 0.48 0.18 -0.26 -0.25 -0.15 -0.17 -0.28 -0.08 -0.19 -0.36 -0.01 -0.24 0.15 -0.22 -0.14 -0.20 -0.16 -0.35 1.00 0.46 0.48 0.42
Genera -0.59 0.71 0.18 -0.41 0.07 -0.38 -0.31 0.05 -0.33 -0.01 -0.12 0.36 0.23 -0.20 -0.39 -0.28 -0.54 -0.27 0.09 0.46 1.00 0.91 0.87
EC -0.57 0.62 0.35 -0.29 -0.12 -0.27 -0.21 -0.14 -0.14 -0.03 -0.21 0.44 0.06 0.04 -0.21 -0.15 -0.38 -0.36 -0.04 0.48 0.91 1.00 0.92
Clusters -0.37 0.63 0.50 -0.36 -0.16 -0.37 -0.33 -0.18 -0.03 -0.01 -0.27 0.50 0.04 0.13 -0.21 -0.07 -0.36 -0.34 -0.10 0.42 0.87 0.92 1.00  
Table 2-4: Covariance matrix for twenty geochemical variables plus three diversity metrics across twenty two metagenomic 
sample sites within Yellowstone National Park. Covariance between 0.5 and 1 are shaded black and anti-covariance between -
1 and -0.5 are shaded grey.  
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Figure 2-1: Dendrograms based on Markov cluster dissimilarity in metagenomic datasets 
obtained for communities inhabiting (A) the outflow channel of ‘Bison Pool’ a vertical 
microbial mat profile from Guerrero Negro, Mexico (B) and an oceanic depth profile 
from the HOT- ALOHA (C). Dotted lines represent major shifts in microbial community 
composition: (A) transition between chemotrophic (top) and phototrophic (bottom) 
metabolisms, (B) transition from an oxic environment near the surface (top) to a hypoxic 
and sulfidic environment (bottom), and (C) transition from photic zone (top) to aphotic 
zone (bottom).  
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Figure 2-2: Biplot of the two principal components (PC1 verses PC2) derived from the 
HOT-ALOHA geochemical data. Sites are colored as chemotrophic (red) and 
phototrophic (blue).  
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Figure 2-3: Dendrogram generated from a matrix describing the dissimilarity in Markov 
clusters associated with forty-three metagenomes.  
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Figure 2-4: Plots of Markov cluster distance for forty-three metagenomes as a function of 
temperature (A) and pH (B)  
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Figure 2-5: Plots of temperature, pH, Al, As, Ca, Cl, dissolved organic carbon, dissolved 
inorganic carbon, Mg, ammonium, nitrate, dissolved oxygen, K, Si, Na, Fe, sulfate, 
sulfide, B, P, Zn and Mn verses Markov cluster distance for twenty two metagenomes.   
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Figure 2-6: Biplot generated from a principal component analysis (PCA) of the twenty-
two YNP sites with individual sample sites and diversity metrics depicted. Sites are 
colored as chemotrophic (red) and phototrophic (blue).  
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Chapter 3 
PATTERNS AND RATES OF MICROBIAL EVOLUTION: EVIDENCE FOR A DEEP 
HOT BIOSPHERE BENEATH YELLOWSTONE NATIONAL PARK 
3.1 Main Text 
 During the past decade, environmental sequencing has ushered in a golden era in 
microbial ecology, providing an unprecedented glimpse into the structure, function, and 
evolution of microbial communities. Earlier analyses were transformative but were 
necessarily piecemeal, focused largely on single genes and organisms, or occasionally 
microbial microcosms, as proxies for interrogating and understanding the complex, 
natural communities that comprise the majority of Earth’s biomass and evolutionary 
history. As the quality and availability of these environmental datasets continues to 
increase, so do opportunities for integration and meaningful comparisons between them 
to be made.   
 Here this study makes use of recently available metagenomic datasets from over 
two dozen terrestrial hydrothermal systems in and around Yellowstone National Park 
(YNP) to understand how patterns of gene and genome flow have shaped whole 
community architecture. Hydrothermal systems are famous for their remarkable physico-
chemical and concomitant biological variations: orders of magnitude changes in pH and 
elemental concentrations, steep temperature gradients, and dynamic temporal shifts 
support taxonomic and functional biodiversity that is unparalleled in most other 
environments on the planet. However, this and other studies reveal that many of these 
systems—many of which are separated by tens of kilometers and geographically 
isolated—display striking levels of genetic and genomic conservation (13, 36, 43, 98, 
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116). Here this study integrates metagenomic data from three recent studies of YNP and 
Great Boiling Springs (GBS) thermophilic prokaryotic communities and observe 
unexpected levels of genomic similarity across different communities.  
 Previous analyses have identified several distinct types of thermophilic 
communities across YNP hot springs (117–120). The architecture of these 
communities—both the overall function and the taxonomic make-up—is strongly 
influenced by prevailing physical and geochemical conditions, though notable deviations 
are known even in springs with nearly identical conditions (37, 42, 121–123). To better 
understand how environment shapes or constrains community architecture and to what 
extent species or populations migrate across hydrothermal systems, this study identified 
long, high identity genomic DNA scaffolds shared across twenty five metagenomes from 
Yellowstone and Great Boiling Springs, USA (GBS) (36, 98, 124). Remarkably, 43,532 
long (>1,000bp) and high identity (>90% identity) DNA scaffolds were identified in at 
least two, and up to seven, distinct hot springs sampled from GBS and across ~100km. 
The geographical isolation between many of these nearly identical scaffolds suggests 
underlying mechanisms that facilitate migration and sharing of genomic information 
across hot springs, effectively acting as highways of information exchange through these 
ecosystems. While these shared scaffolds could represent de facto horizontal transfer 
between unrelated species, identifying shared scaffolds as such would require much 
longer, contiguous DNA sequence data that would show DNA from one organism present 
within the genome of another—the end result of horizontal transfer. Thus the null 
hypothesis is that shared scaffolds are the result of microbial migration—closely related 
organisms found in one thermophilic environment being present in another, or in some 
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cases across many hot springs ecosystems. Horizontal transfer may be an important 
contributor to DNA sharing, but is beyond the resolution of metagenomic datasets. 
 To identify specific environmental factors that most strongly influence the 
probability of finding long, high %ID metagenome fragments in two or more 
communities, this study performed iterative multiple linear regression (iMLR) on 21 
available physical and geochemical data and the number of fragments shared between all 
pairs of communities. iMLR identified eight environmental parameters that best 
explained variability in the number of DNA fragments shared between communities 
(p~.01), including pH, temperature, and concentrations of NO3, SO4, O2[aq], and K
+—all 
of which are known to have roles in biological pathways. Of these eight, only nitrate and 
potassium concentrations and pH showed individually significant correlations. 
Importantly, proximity did not significantly correlate (p~.38) with number of observed 
shared scaffolds. While a few co-local communities do show increases in the shared 
DNA fragments (discussed below), this analysis suggests that the benefit of close 
proximity drops off sharply as a result of the steep geochemical gradients present in hot 
springs. Indeed, environment appears to be selecting what genes and pathways are most 
likely to be transferred between hydrothermal communities. 
 Functional assignments of genes encoded by scaffolds shared across two or more 
communities yielded 16,056 scaffolds with Enzyme Commission (EC) assignable 
functions. These include functions that were both overrepresented (115 distinct EC 
functions) and underrepresented (168 distinct ECs) compared to their overall distribution 
in metagenomes (p<.05), suggesting strong environmental selection on the types of 
functions being shared. Among these, carboxylases and oxidases were notably 
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overrepresented, consistent with communities dependent on autotrophic pathways in 
environments known to be highly oxidizing. Biotin carboxylase in particular was encoded 
by 930 scaffolds involved in these transfers; this enzyme has recently been discovered to 
be involved in CO2 fixation in thermophiles, and suggests that high temperature 
autotrophy—above the temperature limit of photosynthesis and the Calvin Cycle—may 
be both prolific and extensive in hydrothermal systems (125, 126). 
 Next this study investigated whether rates of evolution within these 25 
communities, and in the subset of DNA fragments most frequently shared between them, 
could provide insight into the relative timescales or mechanisms of genomic migration 
across YNP and GBS. To do this, this study examined DNA substitution rates in the 
protein coding portions of included long, high %ID DNA fragments. Figure 3-1 shows 
synonymous substitution rates (Ks)—which, for well-conserved genes, is typically 
equated with background DNA mutation rates—for 30,668 DNA fragments found in two 
or more communities. This figure separates Ks distributions for the dominant types of 
metabolism in YNP+GBS communities: phototroph-dominated communities, which 
occur below a temperature of ~73
o
C, and higher temperature chemotrophic communities. 
Notably, significant differences in Ks distributions and statistics were observed between 
phototroph- versus chemotroph-dominated communities, with chemotrophic communities 
showing a distinct Poisson distribution centered at a Ks of .18. This Poisson distribution 
is consistent with models of community evolution where mutations occur at a relatively 
constant background frequency but fixation occurs at different rates across genomes 
(127–130). The Poisson peak thus represents the average evolutionary distance between 
included genomes, with deviations from this value falling off exponentially at higher and 
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lower distances. Interestingly, as discussed below, the chemotrophic Ks distribution 
shows a small but significant increase in the lowest Ks bin (Figure 3-2), indicating a 
subset of genes that have been very recently shared between chemotroph communities 
(discussed below). 
 This Poisson distribution is absent in phototrophic communities, which show a 
polyphasic distribution with an abrupt peak/mode at the lowest Ks bin and a long tail 
extending to higher Ks values (Figure 3-2). These low Ks peaks point to in intriguing 
subset of nearly identical genes and scaffolds shared across these communities that would 
only be sustained by either halting mutation/evolution of DNA sequences, or periodically 
reintroducing scaffolds throughout these distinct communities. Likewise, the distinct 
patterns and evolutionary rates observed between phototrophic and chemotrophic 
communities suggest very different mechanisms of migration acting on each (discussed 
below). 
 The observed Ks peaks correspond to the average evolutionary divergence across 
YNP+GBS microbial communities and can be used to estimate the amount of time that 
YNP communities have been isolated. Because studies of prokaryotic mutation rates are 
still limited in scope, this study applied a range of rates (1x10
-7
 to 1x10
-9
 substitutions per 
synonymous site per year; (131–134)) taken from recent studies. These allow estimation 
of community divergence times of 250,000 to 25 million
 
years for phototrophic 
communities and 1.25 million to 125 million years for chemotrophic communities. It is 
worth noting that the Yellowstone caldera erupted cf. 640,000 years ago (135) and likely 
constituted an evolutionary bottleneck—though conceivably one that influenced surface 
 53 
 
(phototrophic and chemotrophic) versus subsurface (exclusively chemotrophic) biota 
quite differently. 
 These data show that species evolving along independent trajectories in distinct 
hydrothermal ecosystems are migrating and sharing DNA between them at much higher 
frequencies than previously known. Environment plays a key role in selecting which 
genes are more likely to be transferred, and a number of environmental parameters are at 
play in influencing what functions and phenotypes are migrating throughout the 
YNP+GBS system. Rates of evolution are intriguing: absent a mechanism that would 
freeze DNA mutation/evolution, the low Ks peaks present in both chemotrophic and 
phototrophic communities can only be sustained by periodic sharing of genes, effectively 
“resetting” the evolutionary distance between genes found in two (or more) communities. 
This periodic sharing must also be much more frequent in phototrophic communities, 
whose Ks distribution peaks in the lowest Ks bin, versus chemotrophic communities, who 
show a Poisson-like evolutionary distance across YNP+GBS communities, with less 
frequent input of genes and a smaller peak in the lowest Ks bin. Two explanations 
account for these observations. The first is that a catastrophic bottleneck, most notably 
the aforementioned YNP Lava Creek eruption, effectively sterilized surface 
(phototrophic+chemotrophic) life while leaving some subsurface (chemotroph-only) 
communities intact. This would effectively reset the evolutionary clock on photosynthetic 
life, where founding communities would later recolonize environments and lead to 
relatively low Ks values as opposed to subsurface chemotrophs who had survived the 
bottleneck. While plausible, this does not neatly explain the long tail of Ks values 
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observed among phototroph communities or the relatively short evolutionary distances 
between chemotroph communities. 
 The second hypothesis posits a substantial chemotrophic biosphere existing 
adjacent to the prolific network of YNP subsurface hydrothermal channels (38, 136, 137). 
Though water in these channels is at temperatures well above the limit for life (38, 138), 
thermal gradients radiating through the surrounding subsurface host a range of 
temperatures that not only are compatible with life, but could host substantial 
thermophilic communities existing independent of photosynthesis. These hydrothermal 
networks may be contiguous over large extents of the YNP system (38, 136), establishing 
subsurface ‘highways’ for migration and genomic information exchange extending 
through relatively shallow, permeable glacial sediments and possibly along subsurface 
faults 4-6 km below the surface. The migration rate through these highways would 
establish an average overall evolutionary distance across chemotrophic communities, and 
consistent with the observed Poisson distribution for chemotrophs. Migrations at the 
surface are plausible but—consistent with low Ks peaks—are low probability, depending 
on exogenous vectors (e.g. biological carriers, flooding, wind) that can transport species 
between hot springs with similar physico-chemical conditions. Because photosynthetic 
communities are dependent on surface input of sunlight, this deep biosphere is 
inaccessible and their migration between hydrothermal systems is dependent upon the 
low probability exogenous vectors mentioned above.  
 Notably, photosynthetic mats are teeming with life; their relatively low 
temperatures make them suitable for grazing by insects and arachnids and intrusion by 
mammals, all of which are potential vectors for transporting mat floccules between 
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proximal hot springs. Chemotrophic communities thrive at temperatures which quickly 
sterilize or dissuade these biological vectors and are thereby dependent on non-biological 
mechanisms for surface transport and migration. These observations are exactly 
consistent with the decreased frequency of low Ks values. Taken on the whole, this data 
shows that environmental selection acts both on surface transport mechanisms and 
migration through a subsurface chemotrophic biosphere, to establish highways for 
microbial migration and genomic exchange. Thermophilic communities across these 
YNP+GBS hydrothermal settings are far from being evolutionary islands and have been 
communicating and co-evolving for millions of years.  
 
3.2 Methods 
 All assembled DNA scaffolds for the 24 included metagenomes were downloaded 
from the Joint Genome Institute IMG/M web server. All DNA scaffolds were combined 
into an single FASTA file and an all-verses-all NCBI BLASTN was performed on 
combined file. BLASTN output file was parsed to find all instances of scaffold overlap 
>1,000bp in length with >90%ID between scaffolds from different metagenomes.  
 Iterative multiple linear regression was performed using the R command 
stepAIC() in both the forward and reverse directions using 1,000 steps. First, a multiple 
linear regression was performed using the R lm() command to generate and equation such 
that the number of DNA transfers was set to equal the pairwise difference between all 
geochemical and physical parameters (DNA transfers = m1pH + m2Temperature + 
m3Km + m4[Al] + … + b). The R stepAIC() command was then invoked on the multiple 
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linear regression equation to stepwise add and remove variables to maximize the fit of the 
line (minimize overall p-value).  
 All protein encoding (cDNA) sequences and transcribed amino acid sequences for 
the 24 included metagenomes were downloaded from the Joint Genome Institute IMG/M 
web server. All cDNA sequences were combined into an single FASTA file and an all-
verses-all NCBI BLASTN was performed on combined file. BLASTN output file was 
parsed to find all instances of overlap >bp in length with >%ID between cDNA 
sequences from different metagenomes.  
 All metagenomic cDNA sequences were compared to the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) metabolic enzyme database using NCBI BLASTX. All 
cDNAs with BLAST e-values better than 1
-20
 to a KEGG enzyme were assigned the 
corresponding EC number. All cDNAs assigned EC numbers were then analyzed to 
determine if they were involved in a cDNA transfer event. For each EC number the count 
within metagenomes was compared to the count involved in a cDNA transfer and an 
expected value was determined using a Pearson’s Chi-squared test for count data. Chi-
squared test was performed using the R command chisq.test(). Chi-squared p-value was 
also determined from R using chisq.test() to determine if a EC value was under or over 
represented in cDNA transfer events. 
 The Ks values between all overlapping cDNA sequences was calculated using the 
Ka/Ks calculator (139) software package. The Ka/Ks software package was run using the 
model averaging (MA) settings. Using aligned cDNA and translated amino acid files as 
input the Ka/Ks software package outputs a text file containing the Ks values between all 
pairs of high identity cDNA sequences.  
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 The Ks histogram (Figure 3-1) was generated by binning all Ks values into 0.01 
Ks unit bins, separated by sample site metabolism into phototrophic, chemotrophic and 
photo-chemo. The 0-0.01 Ks histogram (Figure 3-2) was generated by binning all Ks 
values <0.01 into 0.002 Ks unit bins, separated by sample site metabolism into 
phototrophic, chemotrophic and photo-chemo.    
 
3.3 Supplemental Materials 
 The frequency of gene coding DNA (cDNA) transfer in relationship to geographic 
distance is shown on a plot of sample site GPS coordinates within YNP (Figure 3-3). 
Zoom-ins of YNP regions with dense sampling are depicted in Figures 3-4 through 3-7, 
with zoom-ins including Lower Geyser Basin (Figure 3-4), Bison Pool (Figure 3-5), 
Norris Geyser Basin (Figure 3-6) and Mammoth Hot Springs (Figure 3-7). In Figures 3-3 
through 3-7 sites are connected with lines demonstrating recent cDNA transfer with line 
thickness indicates normalized transfer quantity and thicker lines indicating higher 
quantities of transfer. Sites and connections are colored as phototrophic (blue) and 
chemotrophic (red) with three examples of chemotrophic to phototrophic cDNA transfer 
(all involving BP3) colored green. Further, Figures 3-3 through 3-7 are broken into four 
quadrants, each representing a Ks range of: Ks < 0.01 (top left), 0.01 <= Ks < 0.07 (top 
right), 0.07 <= Ks < 0.32 (bottom left) and 0.32 <= Ks < 0.50 (bottom right). As with 
iterative multiple linear regression analysis (in main text), Figures indicate that 
geographic distance is not the primary factor in determining the frequency of DNA 
transfer between sites. As an example, there is an absence of DNA transfer between YNP 
7 and neighboring sites (including YNP 3, 8, 14, and 19) despite these sites lying only a 
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few kilometers apart while DNA transfer is found over large distances (>70 km) between 
YNP 12 and YNP 13. DNA transfer commonly occurs between sites containing similar 
metabolic strategies. For example, phototrophic sites tend to transfer DNA to other 
phototrophic sites; however, this is not always the case as BP 3 (a chemotrophic site) 
demonstrates recent transfers with BP 4, BP 5 and YNP 15 (all phototrophic sites). The 
highest rates of DNA transfer occur between Aquificae dominated alkaline environments 
including YNP 11, YNP 12, YNP 13, BP1 and BP2 which span the entire geographic 
area of the park. Additionally, strong connections exist between acidic sites, including 
YNP 4, YNP 8, YNP 9 and YNP 18, which cross the width of the park. Interestingly, 
YNP 4 and YNP 12 are similar temperature, chemotrophic sites, with a relatively small 
geographic separation (~15 km) which do not demonstrate DNA transfer with each other, 
despite being hubs of DNA transfer across the park.  
 Within GPS plots (Figure 3-3 through 3-7), the majority of DNA transfers in the 
lowest Ks quadrant (top left) are among phototrophic sites (blue lines) with transfers 
among chemotrophic sites (red lines) becoming prevalent in mid-Ks ranges (top right and 
lower left), until the highest Ks quadrant (lower right) is dominated by transfers among 
chemotrophic sites (red lines). Additionally, transfers with GBS (in Nevada) are only 
present in the highest Ks quadrant, demonstrating the long divergence times between 
GBS and YNP communities.  
 A principal component analysis (PCA) was performed on the nineteen 
geochemical parameters measured across all YNP metagenomic sites. This analysis 
resulted in two principal components (PC1 and PC2) which account for 44.2% of the 
geochemical variation between sampled locations. A biplot of PC1 verses PC2 (Figure 3-
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8A) indicates the location of metagenomic sites in geochemical space with vectors 
indicating the directionality and influence of each geochemical parameter. Sampled 
locations in similar regions of YNP are circled and tight clustering of regions within YNP 
is clearly visible. The five samples taken along the Bison Pool outflow channel (within 
the Lower Geyser Basin grouping) demonstrate tight clustering despite a 32
o
C 
temperature gradient, confirming the PCA analysis is clustering based on overall 
geochemistry, which remains relatively constant along the outflow channel. Additionally, 
pH is a major vector along PC2, resulting in the clear separation of the acidic Norris 
Geyser Basin from the alkaline Lower Geyser Basin sites. 
 Geochemical vectors are replaced with lines connecting metagenomic sites, with 
line thickness indicating the extent of DNA transfer (Figure 3-8B). Connecting lines are 
color-coded to reflect phototrophic-phototrophic transfer in blue, chemotrophic-
chemotrophic transfer in red and phototrophic-chemotrophic transfer in yellow. Most 
thick lines cover relatively short geochemical distance space indicating that the majority 
of DNA transfers occur between communities occupying geochemically similar 
environments. This is especially evident when the three phototrophic-to-chemotrophic 
connections are noted to be sites occupying a very small region of the PCA plot. Despite 
the geographic separation of ~10 km between BP3 and YNP 15 they are closer than BP3 
and BP5 in geochemical space, likely explaining the ability of DNA to successfully 
transfer between these sites. YNP 4 (a slightly acidic site with pH = 6.1) is serving as a 
bridge with connections to both acidic sites, including YNP 8 and YNP 14 and alkaline 
sites, including YNP 11 and BP1. The Mammoth Hot Springs area in poorly connected to 
the rest of YNP, as is demonstrated by YNP 10 and YNP 18 which show only weak 
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connections despite being geochemically similar chemotrophic sites. Due to the tight 
clustering of geographic regions in geochemical space it is likely that some DNA transfer 
bias is occurring; however, YNP 13 is ~25 km away from BP1 and yet YNP 13 and BP1 
demonstrate the largest quantity of scaffold transfers found in the park. The PCA analysis 
also accounts for the lack of transfers between YNP 4 and YNP 18, which are <10 km 
apart, but reside on opposite sides of the PCA plot with YNP 4 clustering near the Lower 
Geyser Basin sites and YNP 18 clustering near the Mammoth Hot Springs sites. 
 To investigate biases in the phyla responsible for DNA transfer between sites 2-
way clustering was done using all scaffolds in each metagenomic site (Figure 3-9A) and 
the scaffolds involved in DNA transfer (Figure 3-9B). Phyla were assigned as the best hit 
within the NCBI nt database, if one existed, for all scaffolds over 3,000bp in length. Heat 
maps are colored from black for no phyla representation to white for high phyla 
representation. The whole community heat map demonstrates that many chemotrophic 
sites, including YNP 1, 2, 3, 4 and 19 are dominated by Crenarchaeota while others 
contain more diverse communities including a high fraction of Aquificae. Phototrophic 
sites are, in general, more diverse while containing mixes or Chloroflexi, Proteobacteria, 
Cyanobacteria, Firmicutes Actinobacteria and Deinococcus-Thermus. No phyla 
dominates DNA transfers, however Crenarchaeota and Aquificae are responsible for a 
multitude of transfers between the chemotrophic sites while the Chloroflexi, 
Cyanobacteria and Firmicutes are commonly transferred between phototrophic sites. 
Interestingly, the Proteobacteria are not involved in transfers as often as might be 
expected based on their abundance within phototrophic sites. Also of interest, BP3, the 
sole chemotrophic site with transfers to phototrophic sites, clusters with phototrophic 
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sites including BP4 and BP5 while also demonstrating a high level of Aquificae transfers, 
likely with chemotrophic sites.   
 The taxonomic family of all cDNA fragments involved in DNA transfer was 
determined to investigate bias in Ks distribution and transfer frequency. Figure 3-10 
contains a bar plot which demonstrates the fraction of all cDNA transfers assigned to 
each taxonomic family, including the fraction of unclassified cDNA sequences 
transferred between chemotrophic (top) and phototrophic (bottom) sites. Families are 
ordered and colored by their distribution within chemotrophic (top - red) and 
phototrophic (bottom - blue) sites, with families found within both phototrophic and 
chemotrophic communities colored grey. Additionally, a Ks histogram was generated for 
each taxonomic family between Ks values of 0.00 and 0.50 (right of family name). From 
Figure 3-10, the largest percentage of cDNA transfers are attributed to unclassified 
cDNAs from chemotrophic sites (25%), with Aquificacaea (25%) and Chloroflexaceae 
(10%) accounting for the highest percentages of chemotrophic and phototrophic transfers. 
Interestingly, none of the families commonly found within both chemotrophic and 
phototrophic sites (grey bars) accounted for more than 1% of cDNA transfers, indicating 
a strong bias towards the transfer of families limited to either high temperature 
(chemotrophic) sites or photosynthetic families. The Ks histograms for highly transferred 
families mirror the overall trends seen in Figure 3-1 with the Aquificacaea histogram 
representing a Poisson distribution centered at 0.18. Similarity, Acidobacteriacea, 
Chloroflexaceae and Synococcacaea demonstrate large peaks at very small (<0.01) Ks 
values.  
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Figure 3-1: Ks distribution of all cDNA sequences involved in a transfer event with Ks 
values between 0 and 0.50. cDNA sequences are binned based on the metabolic 
composition of the sampled location with transfers between chemotrophic communities 
in red, transfers between phototrophic communities in blue and transfers between 
phototrophic and chemotrophic communities in green. MYA estimates (top) based on the 
DNA mutation rates between 10-7 and 10-9 substitutions per synonymous site per year.  
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Figure 3-2: Ks distribution of all cDNA sequences involved in a transfer event with Ks 
values between 0 and 0.01, in 0.002 Ks unit bins. cDNA sequences are binned based on 
the metabolic composition of the sampled location with transfers between chemotrophic 
communities in red, transfers between phototrophic communities in blue and transfers 
between phototrophic and chemotrophic communities in green.   
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Figure 3-3: GPS locations of Yellowstone National Park metagenomic sites. Sites are 
connected with lines demonstrating cDNA transfer with line thickness indicating 
normalized transfer quantity. Sites and connections are colored as phototrophic (blue) and 
chemotrophic (red) with three examples of chemotrophic to phototrophic cDNA transfer 
colored green. Further, figure is broken into four quadrants, each representing a Ks range 
of: Ks < 0.01 (top left), 0.01 <= Ks < 0.07 (top right), 0.07 <= Ks < 0.32 (bottom left) 
and 0.32 <= Ks < 0.50 (bottom right).    
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Figure 3-4: GPS locations of Lower Geyser Basin metagenomic sites. Sites are connected 
with lines demonstrating cDNA transfer with line thickness indicating normalized 
transfer quantity. Sites and connections are colored as phototrophic (blue) and 
chemotrophic (red) with three examples of chemotrophic to phototrophic cDNA transfer 
colored green. Further, figure is broken into four quadrants, each representing a Ks range 
of: Ks < 0.01 (top left), 0.01 <= Ks < 0.07 (top right), 0.07 <= Ks < 0.32 (bottom left) 
and 0.32 <= Ks < 0.50 (bottom right).    
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Figure 3-5: GPS locations of Bison Pool metagenomic sites. Sites are connected with 
lines demonstrating cDNA transfer with line thickness indicating normalized transfer 
quantity. Sites and connections are colored as phototrophic (blue) and chemotrophic (red) 
with three examples of chemotrophic to phototrophic cDNA transfer colored green. 
Further, figure is broken into four quadrants, each representing a Ks range of: Ks < 0.01 
(top left), 0.01 <= Ks < 0.07 (top right), 0.07 <= Ks < 0.32 (bottom left) and 0.32 <= Ks 
< 0.50 (bottom right).    
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Figure 3-6: GPS locations of Norris Geyser Basin metagenomic sites. Sites are connected 
with lines demonstrating cDNA transfer with line thickness indicating normalized 
transfer quantity. Sites and connections are colored as phototrophic (blue) and 
chemotrophic (red) with three examples of chemotrophic to phototrophic cDNA transfer 
colored green. Further, figure is broken into four quadrants, each representing a Ks range 
of: Ks < 0.01 (top left), 0.01 <= Ks < 0.07 (top right), 0.07 <= Ks < 0.32 (bottom left) 
and 0.32 <= Ks < 0.50 (bottom right).    
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Figure 3-7: GPS locations of Mammoth Hot Springs metagenomic sites. Sites are 
connected with lines demonstrating cDNA transfer with line thickness indicating 
normalized transfer quantity. Sites and connections are colored as phototrophic (blue) and 
chemotrophic (red) with three examples of chemotrophic to phototrophic cDNA transfer 
colored green. Further, figure is broken into four quadrants, each representing a Ks range 
of: Ks < 0.01 (top left), 0.01 <= Ks < 0.07 (top right), 0.07 <= Ks < 0.32 (bottom left) 
and 0.32 <= Ks < 0.50 (bottom right).    
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Figure 3-8: PCA biplot generated from YNP geochemical metadata (A). YNP 
metagenomic sites are plotted in PCA biplot space with sites connected with lines 
demonstrating cDNA transfer with line thickness indicating normalized transfer quantity. 
Sites and connections are colored as phototrophic (blue) and chemotrophic (red) with 
three examples of chemotrophic to phototrophic cDNA transfer colored green.   
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Figure 3-9: Two-way clustering of phyla abundances within metagenomic sites (A) and 
phyla transfer quantities within metagenomic sites (B). Brighter squared indicate higher 
phylum abundances or transfer counts. 
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Figure 3-10: Bar plot demonstrating the fraction of DNA transfers attributed to each 
taxonomic family. Families are ordered based on abundance within chemotrophic (top – 
red) and phototrophic (bottom – blue) communities. A Ks bar chart is shown for each 
taxonomic family and demonstrates the Ks distribution (from 0 to 0.5) within the family.  
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Chapter 4  
ESTIMATING MICROBIAL DIVERSITY AND ABUNDANCES IN NATURAL 
COMMUNITIES: RECONCILING METAGENOMICS AND ENVIRONMENTAL 16S 
SEQUENCING 
4.1 Abstract 
 Environmental sequencing directly amplifies DNA taken from a natural system, 
allowing for the calculation of the relative abundances of taxa within the environment. 
Two methods of environmental sequencing are common: targeted studies which sequence 
only a specific gene (often the 16S rDNA gene) and whole genome shotgun sequencing 
(metagenomics) which amplifies random DNA fragments from an environmental sample. 
However, it is unclear how biases present in both 16S and metagenomic sequencing 
compare and if either method provides a more complete picture of the microbial 
communities within natural systems. This study investigates taxonomic profiles using 
twenty-four environmental samples which span a 6.6 pH unit gradient coupled with a 
57°C temperature gradient and were subjected to parallel metagenomic and 16S gene 
sequencing. This study finds that metagenomic datasets more deeply sample the 
taxonomic richness within a natural system while also finding that the reference 
databases used for the classification of metagenomic sequences classify 19% of 
sequences >100bp and 43% of metagenomic sequences >1,000bp. Due to the increased 
potential of ancillary research, while providing an in-depth community profile, this study 
suggests the use of metagenomics as the primary methodology for determining the 
taxonomic composition of the microbial community within a natural system.   
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4.2 Introduction 
 The taxonomic composition of the microbial communities inhabiting natural 
systems has been the subject of many recent studies encompassing a broad range of 
ecosystems, including marine, freshwater, soil, and enteric environments (12, 17, 33, 
140–143). These studies comprise a variety of sequencing techniques, with the most 
common being 16S rDNA profiling (82) and whole genome shotgun sequencing 
(metagenomics) (91). As these sequencing techniques utilize different approaches 
(targeted verses non-specific primers), it is expected that biases will be encountered. 
However the extent to which biases differ among these techniques is unclear. 
Additionally, it is unclear how the profiles generated using these different techniques are 
able to be combined to facilitate cross-study comparisons. 
 Environmental DNA sequencing has evolved from primers that amplify specific 
genomic regions, such as the 16S rDNA gene, to nonspecific primers which, 
theoretically, amplify genomic regions with roughly equal frequencies. In prokaryotes, 
whole genome shotgun methods which shear environmental DNA into sequenceable 
fragments rely on nonspecific primers to amplify all fragments generated, resulting in a 
patchwork view of the DNA within an environment. With adequate sequencing depth, 
DNA fragments can be assembled together into scaffolds which can be compared against 
reference databases to determine the taxonomic profile of an ecosystem (91). Though 
whole genome (metagenomic) sequencing yields substantially more phenotypic 
information than 16S rDNA sequencing, the latter remains a common method for 
obtaining a taxonomic profile primarily due to vast databases of 16S gene taxonomic 
information (83, 84). Although the increased phenotypic information gained from 
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metagenomic sequencing is useful for studying a community’s functional or metabolic 
profile this additional information is often unneeded or unwieldy when a taxonomic 
profile obtainable via 16S gene analysis is sufficient.  
 It is known that biases exist for domain specific 16S primers (20, 144–148) and 
universal primers used in metagenomic analysis (149, 150). Primer selection is not an 
exact science, but more of an attempt to find a primer set which best fits the predicted 
community composition within the sample and includes considerations of: melting 
temperature, annealing temperature, genome region and taxonomic specificity (or lack 
thereof), minimized primer-primer interactions and amplicon length (151). In addition to 
the previous criteria 16S rDNA primer selection depends on reported archaeal or bacterial 
coverage rates (specificity) as well as the reported ability to binding with variable 16S 
regions (152). Further, the reliance on universal primers and primer selection web 
services (153) reduces the use of primers designed specifically for the targeted 
ecosystem. Unfortunately, studies show that many primers in current use do not perform 
adequately based on the aforementioned criteria (150–152). Additionally, 16S primer 
selection strongly influences the resulting community profile with potentially large shifts 
in community diversity and species richness (148). Moreover, it is unclear how 
community profiles derived from 16S gene analyses compare to community profiles 
derived from metagenomics. Although previous studies contain 16S rDNA and 
metagenomic libraries (36, 98, 152, 154–156) they inadequately explore differences 
between community profiles generated from these libraries. Here this study invokes a 
dataset of twenty-four hydrothermal samples which span a 6.6 pH unit gradient coupled 
with a 57°C temperature gradient allowing for the inclusion of archaeal, chemotrophic 
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bacterial and phototrophic bacterial communities. Additionally, the investigation of 
biases in community profiling between 16S and metagenomics in hydrothermal 
environments produces results and conclusions applicable to extremophilic analyses. 
  
4.3 Results and Discussion 
 This study includes community taxonomic profiles derived from twenty-four 
environmental samples which were subjected to both metagenomic and 16S rDNA gene 
sequencing. This allows for a direct comparison of 16S and metagenomic libraries and 
resulting taxonomic profiles for communities within natural systems. Samples were 
collected within Yellowstone National Park, Wyoming, USA from locations spanning a 
6.6 pH unit range and a 57°C temperature gradient (Table 4-1) (36, 98). The dataset 
allows for the investigation of environments containing significant community taxonomic 
and metabolic differences and allows for the ability to compare metagenomic and 16S 
rDNA libraries across a multitude of microbial community types including archaeal, 
chemotrophic bacterial and phototrophic bacterial communities. 
 
4.3.1 Relative Abundance Comparisons 
 Stacked bar plots demonstrate the relative abundances of phyla as determined 
from 16S rDNA profiling and metagenomic scaffold best hits (Figures 4-1A and 4-1B; 
Tables 4-2, 4-3, 4-4 and 4-5). Bacteria (Figure 4-1A) and archaea (Figure 4-1B) are 
shown separately as 16S rDNA sequencing was completed using domain specific primers 
(36, 98). Sites thought to contain only a single domain were not analyzed using both 
bacteria and archaeal specific 16S primers (YNP1, YNP6, YNP7, YNP10, YNP12, 
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YNP13, YNP16, YNP18 and YNP19) (98). The BP4 sample did not contain archaeal 16S 
rDNA hits despite attempts to amplify archaeal rDNA (36). However, metagenomic 
scaffold analysis identified both domains of life to be present within each of the twenty-
four sites analyzed, reiterating the need to attempt bacterial and archaeal amplification in 
all samples despite expectations. Comparisons between archaeal 16S rDNA libraries and 
archaeal metagenomic sequences (for sites with archaeal 16S libraries) demonstrate 
statistically identical (Morisita-Horn overlap index >0.99) communities in 8 of 16 
samples, seven of which of contain >90% Crenarchaeota.  Alternatively, 3 of 16 sites 
demonstrate low taxonomic identity between 16S and metagenomic libraries (Morisita-
Horn overlap index <0.5). For example, the archaeal 16S rDNA library amplified from 
BP3 was comprised of 100% Crenarchaeota, while metagenome analysis identified 29% 
Crenarchaeota, 69% Euryarchaeota and 2% Thaumarchaeota. In addition, the 
metagenomic scaffold analysis of YNP18 misses Korarchaeota, though they are 
identified in 49% of 16S rDNA sequences (dark green bars in Figure 4-1B). Although 
one Korarchaeota complete genome exists within reference databases and 748 sequences 
from 14 metagenomes (672 of the 748 were from YNP18) matched Korarchaeota, all 
sequences have better (lower e-value) matches to other organisms, indicating that 
sequencing additional Korarchaeota genomes could improve the binning of these (and 
other) metagenomic sequences.  
 Comparisons between bacterial 16S rDNA libraries and bacterial metagenomic 
sequences (for sites with bacteria 16S libraries) finds 3 of 21 sites to be statistically 
identical (Morisita-Horn overlap index >0.99), all of which contain >97% Aquificae 
(Figure 4-1A). Within the 16S libraries eight sites (YNP2, YNP3, YNP4, YNP9, YNP10, 
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YNP11, YNP13 and YNP14) contain >97% Aquificae, however analysis of metagenomic 
scaffolds finds these sites to be much more diverse with, for example, YNP2 containing 
30% Actinobacteria, 9% Proteobacteria and only 37% Aquificae. The nine sites 
containing phototrophic bacteria have similar relative abundances between 16S rDNA 
panels and metagenomic scaffolds (average Morisita-Horn overlap index of 0.709, 
standard deviation 0.263). However, YNP16 (a phototroph-containing site) demonstrated 
a Morisita-Horn overlap index of only 0.05, indicating a significantly different bacterial 
compositions inferred from the metagenome versus 16S datasets. Although no 
metagenome contained more than 0.3% Armatimonadetes, 16S libraries from five sites 
contained >12% Armatimonadetes. As with the Korarchaeota, this may be due to only 
one sequenced genome (Armatimonas rosea (157)) from this phylum available in 
reference databases, decreasing the accuracy of binning of metagenome data whereas the 
Ribosomal Database Project (RDP) contains 2,875 Armatimonadetes 16S sequences. In 
contrast, metagenomic scaffold analysis finds Acidobacteria to be a larger fraction of 
YNP6 compared to the 16S library (24% versus 5% of sequences), indicating a potential 
amplification bias against Acidobacteria when using 16S rDNA primers. 
 From these comparisons this study finds that while simple communities which 
contain a single high abundance phylum are similarity represented with 16S or 
metagenomic libraries, environments containing complex communities are better 
represented by metagenomic sequencing. Importantly, metagenome and 16S libraries 
generally show strong presence/absence agreement in the phyla composition in a natural 
community, whereas the abundances within phyla often differ markedly. While 16S 
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databases are currently more comprehensive, continued sequencing of complete genomes 
and metagenomes will rapidly improve the quality of these databases. 
 Whereas PCR primer sets used to amplify archaeal and bacterial 16S rDNA 
amplify each separately and preclude direct comparisons of domain-level abundances, 
archaea and bacteria are generally isolated and sequenced together in metagenome 
libraries. This allows both domains to be combined and inferences to be drawn about the 
relative abundances of each. For example, 97% of metagenomic scaffolds from BP3 
match bacteria despite successful amplification of 207 archaeal and 323 bacterial 16S 
rRNA sequences, which could lead to the false assumption that BP3 contains 39% 
archaea, based on 16S amplicon counts. Figure 4-2A and Table 4-6 show stacked bar 
plots of relative abundances of bacterial and archaeal phyla as determined from 
metagenomic DNA sequences. Stacked bar plots contain white-space between archaeal 
and bacterial phyla with archaeal phyla at the bottom. This bar plot demonstrates that 
combining domains allows for the determination that some sites have high representation 
of both of archaea and bacteria. For example, YNP11 is found to be 25% Aquificae and 
35% Crenarchaeota, a determination which could not be reached through 16S 
amplification alone. The inability use 16S libraries to accurately determine the domain 
level abundances within an environment forces 16S rDNA analysis to report archaeal and 
bacterial abundances separately, severely impacting any conclusions regarding the overall 
community profile within an environment. Alternatively, universal primers used for 
metagenomes are able to amplify bacterial and archaeal genes with equivalent frequency, 
allowing a true domain level taxonomic profile to emerge.  
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 Metagenomic datasets occasionally yield 16S rDNA genes or gene fragments. To 
test whether community taxonomic assignments and abundances inferred from 
metagenomes and 16S rDNA libraries are accurate this study used the Ribosomal 
Database (RDP) to classify the 16S rDNA genes obtained from metagenomic sequencing. 
The twenty-four included metagenomic datasets contain 426 16S rDNA genes which 
were used to generate a stacked bar plot of relative abundances of phyla within sampled 
locations (Figure 4-2B; Table 4-7). Bar plots based on metagenomic 16S show highly 
similar phyla compositions when compared to all metagenomic scaffolds (average 
Morisita-Horn overlap index of 0.799, standard deviation 0.152), likely due these genes 
being a subset of the whole metagenomic dataset and therefore subject to similar 
sequencing and primer biases. Only 0.27% of metagenomic scaffolds contain a 16S 
rDNA gene causing the relative abundances to fluctuate from those found from analyzing 
all metagenome sequences. Thus, minor community members are frequently missed 
when looking at only 16S sequences within the metagenomes. For example, YNP19 is so 
highly dominated by Crenarchaeota (98%) that 16S genes from other phyla were not 
present within the metagenome. Bacteroidetes is in significantly higher abundance in 16S 
libraries compared to metagenomes. For example, Bacteroidetes comprises 31% of the 
16S library from YNP6, but only 7% of metagenomic scaffolds whereas, 33% of 
metagenomic 16S rDNA genes from YNP6 match Bacteroidetes.  The difference in 
Bacteroidetes composition between metagenomic scaffolds and metagenomic 16S 
abundances at YNP6 (7% versus 33%) is possibly explained through the 
misidentification of metagenomic DNA sequences, despite Bacteroidetes being a well-
studied phylum. These findings demonstrate minimal biases between metagenomic 16S 
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and metagenomic scaffold databases, suggesting that the differences between 
environmental 16S and metagenomic libraries are likely due to biases introduced during 
PCR amplification.  
 
4.3.2 Diversity Comparisons 
 The species richness (S), Simpson diversity index (D), Shannon diversity index 
(H) and Shannon evenness (E) were calculated for the twenty-four sites based on phyla 
counts from 16S rDNA profiles, metagenomic DNA sequences and 16S rDNA within 
metagenomes (Table 4-8). Compared to the 16S rDNA libraries, metagenomes contain an 
average of a 10.4 fold increase in taxonomically assignable sequences allowing for a 
more complete community profile. Metagenomic DNA demonstrates higher levels of 
richness across all sites (average of 26.8; standard deviation of 10.2) compared to 16S 
rDNA libraries (average of 7.6; standard deviation of 5.3), likely due to the additional 
amplification depth of metagenomes. Simpson diversity index values were similar 
between 16S rDNA and metagenomic scaffolds (averages of 0.50 and 0.47, respectively), 
along with Shannon diversity index values (averages of 1.01 and 1.25, respectively). 
These similar diversity index values were present despite the differences in richness, 
indicating that major community members were the same and the additional richness is 
due to deeper amplification. For example, YNP1 was found to contain only one phylum 
(Crenarchaeota) based on the 16S rDNA library although the metagenome contained 
scaffolds assigned to ten phyla. Specifically, the high abundance of Crenarchaeota in the 
metagenomic sample from YNP1 yielded a Simpson diversity index of 0.97 and Shannon 
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diversity index of 0.10, very close to the values of 1 and 0 generated by the single phyla 
found in 16S rDNA library.  
 The 16S rDNA present within the metagenomes (an average of 17.8 sequences 
per metagenome) resulted in low species richness across all samples (average of 4.5; 
standard deviation of 2.3). However, diversity indices indicate that the metagenomic 16S 
genes represent community diversity similarly to the analysis of all metagenomic DNA 
scaffolds (average Shannon index of 0.40; average Simpson index of 1.19).  
 Shannon evenness was found to be on average higher in 16S rDNA libraries 
compared to metagenomic scaffolds (averages of 0.51 and 0.37, respectively) due to 
lower taxonomic richness forcing a lower maximum Shannon diversity index (Hmax). 
Alternatively, the lower Shannon Evenness values from metagenomes can be thought of 
as a reflection of the higher taxonomic richness found within metagenomes with 
additional richness driving Hmax up in samples with only a few high abundance phyla.  
 Simpson and Shannon diversity indices were compared between 16S rDNA 
libraries, metagenomic DNA libraries and 16S rDNA found within the metagenomes 
(Figures 4-3 and 4-4). Plots are color coded to differentiate phototrophic and 
chemotrophic communities with phototrophic sites colored blue and chemotrophic sites 
colored red. Simpson diversity indices (Figure 4-3) demonstrate higher diversity (lower 
index values) within phototrophic communities for 16S libraries, metagenomes and 
metagenomic 16S (averages of 0.31, 0.32 and 0.22, respectively), compared to 
chemotrophic communities (averages of 0.61, 0.57 and 0.49, respectively). Linear fits 
were poor among these, with better fits between 16S rDNA panels and 16S in 
metagenomes (R
2
 = 0.586) along with metagenomes and 16S rDNA within metagenomes 
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(R
2
 = 0.531). The poorest linear fit was found between 16S rDNA libraries and 
metagenomes (R
2
 = 0.352), again indicating biases between the community profiles 
obtained via these amplification techniques. Metagenomes, metagenomic 16S and 16S 
rDNA libraries were able to accurately determine the most and least diverse locations 
(Simpson indices near 0 and 1); however, they diverge when assigning a value to 
moderately diverse locations (near the centers of plots in Figure 4-3). Shannon diversity 
indices (Figure 4-4) also found the highest diversity (highest index values) in 
phototrophic communities for 16S libraries, metagenomes and metagenomic 16S 
(averages of 1.6, 1.6 and 1.7, respectively), compared to chemotrophic communities 
(averages of 0.67, 1.0 and 0.82, respectively). As with Simpson diversity indices, linear 
fits were poor between 16S rDNA libraries and metagenomes (R
2
 = 0.422) as well as 
between 16S genes in metagenomes and metagenomes (R
2
 = 0.467). However, 
correlation was relatively high between 16S rDNA libraries and 16S genes found within 
the metagenomes (R
2
 = 0.706). These plots demonstrate a weaker correlation between 
metagenomes and 16S rDNA libraries when compared to the stronger correlation found 
between metagenomes and the 16S genes within metagenomes, further confirming the 
existence of distinct biases between the sequencing methods used to generate 16S 
libraries and metagenomes. Additionally, through the incorporation of multiple diversity 
indices it becomes clear that metagenomes are generating a more complete taxonomic 
profile which includes a deeper glimpse into the rare taxo within a natural system.  
 The Morisita-Horn dissimilarity index (115, 158) was calculated among the 
twenty-four sampled locations based on 16S rDNA libraries (Table 4-9), metagenomic  
DNA sequence best-hits (Table 4-10) and 16S rDNA sequences found within 
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metagenomes (Table 4-11). Plots of dissimilarity among sites demonstrate poor 
correlation between metagenomic scaffolds and 16S rDNA panels (Mantel r = 0.44, p < 
0.001) (Figure 4-5A), moderate correlation between 16S rDNA panels and 16S rDNA 
within the metagenomes (Mantel r = 0.59, p < 0.001) (Figure 4-5B) and high correlation 
between metagenomic scaffolds and 16S rDNA within metagenomes (Mantel r = 0.80, p 
< 0.001) (Figure 4-5C). Morisita-Horn dissimilarity index plots are color-coded to 
demonstrate site metabolisms with red points representing chemotrophic site 
comparisons, blue points representing phototrophic site comparisons and green points 
representing comparisons between chemotrophic and phototrophic sites. As expected, 
chemotrophic to phototrophic site comparisons are in the upper-right quadrant (high 
dissimilarity) due to the highly different phylums present within these environments. 
Overall, these plots and Mantel tests demonstrate  the highest correlations between 
metagenomes and metagenomic 16S sequences, along with the lowest correlations 
between metagenomes and 16S rDNA libraries, further indicating biases in community 
amplification between metagenomic and 16S rDNA methodologies.  
 Morisita-Horn dissimilarity index matrices were used to generate dendrograms for 
sampled locations based on 16S rDNA libraries (Figure 4-6A), metagenomes (Figure 4-
6B) and 16S rDNA within metagenomes (Figure 4-6C). Dendrograms are colored to 
indicate chemotrophic metabolisms (red) and the presence of photosynthesis (blue). 
These dendrograms demonstrate the abilities of each taxonomic classification technique 
to correctly cluster sites with similar taxonomic compositions together. The dendrograms 
contain very different placements of individual sites but all maintain a correct overall 
topology which places chemotrophic sites separate from phototrophic sites while further 
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separating chemotrophic sites into archaeal dominated and bacteria dominated clades. 
The dendrogram generated from metagenomes contains the deepest clade separation 
between archaeal and Aquificae dominated sites by separating archaeal sites (YNP1, 19, 
4, 2 and 3) onto a single, clade separate from Aquificae dominated sites (YNP13, 9, 10, 
14, 12 and 18). Additionally, archaeal and Aquificae sites are placed separate from 
phototrophic sites which form a single major clade. Alternatively, the 16S rDNA 
dendrogram places the archaeal sites nearest to the root with Aquificae dominated sites as 
shallower branches. Interestingly, all dendrograms places the chemotrophic samples 
collected at Bison Pool (BP1, BP2 and BP3) close together, hinting that close proximity 
and/or similar overall geochemistry is driving community similarity more than might be 
expected given the 36°C temperature gradient between sites. The clustering within the 
metagenome dendrogram is striking compared with the lack of clustering in the 16S 
rDNA dendrogram; however this may be due to the 10x increase in sequences used to 
generate the metagenome dendrogram and not a lack of clustering ability within 16S 
rDNA.  
 Morisita-Horn dissimilarity index matrices are also used to generate dendrograms 
based on phyla counts from 16S rDNA panels (Figure 4-7A), metagenomes (Figure 4-
7B) and 16S rDNA within metagenomes (Figure 4-7C). The dendrograms are colored to 
represent archaea (red), bacterial phyla which contain phototrophic taxa (blue) and 
bacterial phyla without phototrophic taxa (black). These dendrograms represent 
clustering based on the frequency in which phyla are present together across sampled 
locations (i.e. phototrophic phyla should cluster together). All dendrograms placed low-
abundance phyla near the root with good clustering of higher abundance phyla. In 
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general, phyla with lower optimal growth temperatures clustered with phototrophic phyla 
separate from higher optimal growth temperature (chemotrophic) bacteria and archaea. 
Although minor shuffling of the phyla at shallower nodes (higher abundance phyla) is 
present, the consistency in which phyla with similar growth conditions are placed 
together in all dendrograms displays the power of all profiling methods to correctly 
generate an overall correct taxonomic profile of each sampled location.  
 
4.3.3 Primer Biases  
 The 426 16S rDNA genes found among metagenomic scaffolds present a unique 
opportunity to assess whether so-called ‘universal primers’ used for environmental PCR 
will allow unbiased amplification of 16S genes from these diverse communities. Recent 
experimental evidence (Mao et al. 2012) suggests that a single mismatch in the 3’ region 
of a universal 16S primer, or more than a single mismatch elsewhere in a primer, can lead 
to three-to-six orders of magnitude underrepresentation of an organism’s abundance in a 
community. This study analyzed each of the 426 16S rDNA sequences for identity to the 
universal primers used to amplify 16S rDNA libraries, including Bac8f (universal 
eubacterial forward) (159), Arc2f (universal archaeal forward) (160) and Univ1392r 
(universal reverse) (161). The 426 metagenomic 16S sequences consist of 70 full length 
gene sequences (11 archaeal and 59 bacterial) that encode binding regions for both 
forward and reverse universal primers, and—as a result of the fragmentary nature of 
metagenomic data—356 partial 16S sequences (114 archaeal, 242 bacterial) that encode 
regions matching just one of the two universal primers. This study followed the methods 
of Mao et al. (2012) for classifying primer binding regions as either a match or mismatch 
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to universal primers: in order to be considered a ‘match’, universal primer binding 
regions must have no single base mismatches in the last 4 nucleotides of their 3’ end, and 
no more than a single mismatch elsewhere along the primer (150). While these criteria 
are stringent and ‘loose’ primer binding may still result in 16S amplification, the work of 
Mao and others has showed that the resulting amplifications will be inefficient and are 
not useful for inferring abundances of species making up diverse natural communities. 
 These analyses found that 76% (53 out of 70) of the full-length 16S rDNA 
sequences found in these metagenomes match both a forward and reverse primer 
according to the Mao criterion. Of the partial 16S genes present across these 
metagenomes, 71% (252 out of 356) match a single (either forward or reverse) primer. 
Thus, 121 of 426 metagenomic 16S gene fragments did not match one or both of the 
universal primer pairs according to the Mao criterion. Ribosomal Database classification 
of these 121 16S genes represented both domains, (56 assigned to archaea and 66 
assigned to bacteria).  
 The low frequency in which 16S rDNA primers match metagenomic 16S rDNA 
(28% of the 426 16S sequences in these metagenomes either would not amplify or would 
show biased amplification) immediately suggests that many additional 16S genes could 
be pulled from a community through improved primer design. With the increasing opus 
of studies demonstrating substantial improvements in community taxonomic profiles 
based on the 16S primers selected (146–148), it is unsurprising that earlier studies 
utilizing one or a few “universal” primer sets would miss a significant percentage of 16S 
sequences within a community. Experimental evidence (150, 162) suggests a single 
mismatch can dramatically reduce PCR amplification efficiency and 121 of 496 of primer 
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binding sites on included 16S genes fall below this criterion. Without further refinement 
and testing against organisms present in these specific environments, these primers 
should not be considered informative for quantifying organismal abundances. 
  The frequencies in which specific bacterial and archaeal phyla match forward and 
reverse primers was also investigated (Tables 4-12 and 4-13). The phyla with the highest 
percentage of 16S gene fragments without matches to a forward or reverse primer were 
Nanoarchaeota (63% - 5 out of 8 genes) and Euryarchaeota (67% - 8 out of 12 genes), 
both archaeal phyla. Although Euryarchaeota are well represented in both metagenomic 
and 16S libraries, Nanoarchaeota are completely absent from 16S libraries despite being 
1% of YNP2 metagenomic scaffolds and small portions (<0.1%) of YNP1, YNP4, YNP9, 
YNP14 and YNP19. Interestingly, one metagenomic 16S rDNA sequence from 
Korarchaeota, which was not represented in metagenomic scaffolds analysis using the nt 
genomic reference database, was found – with a perfect (100% identity) match to both 
forward and reverse primers – in YNP18 where Korarchaeota represents 49% of the 16S 
rDNA library. The five phyla which have forward and reverse primer matches with all 
full-length metagenomic 16S genes (and more than one representative) are bacterial 
(Bacteroidetes, Chloroflexi, Cyanobacteria, Deinococcus-Thermus, and Thermotogae). 
The archaeal phylum with the highest percentage of matches to a complete primer set 
(with more than a single representative) is Crenarchaeota at 67% (6 out of 9 genes).  
 Many high abundance phyla were more prone to mismatches of the “universal” 
reverse primer compared to the domain specific forward primers. For example, 
Proteobacteria shows a striking bias against Univ1392R with only 23 (of 35) binding 
sites matching the “universal” reverse primer, despite showing a very strong affinity for 
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Bac8F (28 out of 28 binding sites match) (Table 4-12). A similar trend is seen with 
Aquificae as 16S genes from this phylum contain 29 forward and 45 reverse primer 
bindings sites with 26 matching Bac8F (90%) while only 30 (67%) matched Univ1392R 
(Table 4-12). The primers selected for the generation of 16S rDNA libraries are biased 
towards the amplification of specific phyla across both domains of life present in these 
communities. Within the bacterial domain, Chloroflexi and Proteobacteria both show 
comparatively high frequencies of primer matches, while Aquificae, dominant members 
of these communities based on metagenome scaffold assignments, are expected to be 
comparatively poorly amplified in 16S libraries based on “universal” primer mismatches. 
The concerns against using “universal” primers to amplify archaeal 16S from these 
environments are likewise borne out: 71% (10 out of 14) of Euryarchaeota primer 
binding sites do not match a primer used within this study and Crenarchaeota, which 
compose more than 98% of YNP1, YNP4 and YNP19 metagenomes, include 41(out of 
112) 16S primer binding sites which do not match the universal primers used for their 
amplification.  
 
4.4 Conclusions 
 Targeting the 16S rDNA gene is a well-established approach for determining the 
community composition within a natural system due to very large existing databases for 
this gene. However, this study demonstrates the utility of using a metagenomics dataset 
for the purpose of determining the taxonomic profile within a natural system. The 
reduced cost of metagenomic sequencing, when coupled with the continued expansion of 
genomic databases, allows taxonomic identification and community profiling from a 
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metagenomic datasets to be a viable, if not better, alternative to traditional 16S rDNA 
gene profiling. In addition to taxonomic profiles having a community metagenome allows 
for the ability to perform ancillary analyses such as a functional and metabolic 
community profiling. Moreover, the taxonomic profiles generated from 16S and 
metagenomic sequencing runs are similar enough to facilitate a comparative analysis 
between environments, especially when the increased sequencing depth available via next 
generation sequences techniques are accounted for.   
 
4.5 Methods 
 DNA scaffolds for twenty-four metagenomic datasets from Yellowstone National 
Park (36, 98) were downloaded from the Joint Genome Institute Integrated Microbial 
Genomes and Metagenomes (JGI IMG/M) website (99). Metagenomic DNA scaffolds 
from all sites were combined and Perl scripts were used to parse datasets to include only 
scaffolds greater than 100 base pairs in length. A NCBI BLAST analysis (111) was 
performed between included metagenomic scaffolds and the NCBI nt database 
(downloaded June 25, 2013). Perl scripts were used to parse BLAST results to find the 
best nt hit each metagenomic scaffolds, if one existed with an e-values better than 10
-5
. A 
Perl script was used to determine the phyla of best nt hits using the NCBI taxonomy 
(spreadsheet) and metagenomic scaffolds where assigned to this phyla. 
 All 16S rDNA sequences were requested from study coauthors (36, 98). Received 
16S gene sequences were combined and uploaded to the Ribosomal Database Project 
(RDP) (84) for taxonomic analysis. Taxonomic assignment results were downloaded and 
 90 
 
Perl scripted were used to parse RDP assignments to include only re sequences with 
phylum assignments at greater than 80% confidence. 
 An NCBI BLAST was performed between the 16S gene sequences in 16S rDNA 
profile and metagenomic scaffolds to identify 16S rDNA sequences within the 
metagenomes. Hits to 16S sequences within the metagenomes were pulled if they were 
over 100 base pairs in length with greater than 70% identity to a 16S gene. Potential 16S 
rDNA sequences were uploaded to the Ribosomal Database Project (RDP) for taxonomic 
analysis and true 16S genes were identified if they contained RDP phylum assignments 
with greater than 80% confidence. 
 Relative abundance bar charts were generated by determining the total count of 
DNA scaffolds and 16S sequences which could be assigned to a phylum and dividing the 
count within each phylum by the total. The ‘Other’ category contains the fraction of 
sequences which could be assigned to a phylum, but not one of the highly represented 
phyla listed within the bar plot legend. Archaea and bacteria in metagenomic scaffolds 
(Figure 4-1) are separated based on domain assignments with relative abundance fraction 
based on total scaffolds from each domain calculated separately.  
 Site diversity is calculated from Simpson diversity index, Shannon diversity index 
and Shannon evenness. As species information is not available, the species richness is 
calculated as the total number of phyla present within each site and species counts are 
counts of sequences assigned to each phylum. 
 Perl scripts were used to calculate Morisita-Horn Dissimilarity Index (158) 
between all sampled locations and all phyla based on phyla counts from metagenomic 
scaffolds, 16S rDNA panels and 16S rDNA within metagenomes. Perl scripts were used 
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to generate distance matrices for sampled locations and phyla from Morisita-Horn 
dissimilarity Indices. Distance matrices were converted into dendrograms using the 
NEIGHBOR program within the PHYLIP software package (112) using 100,000 
bootstrap replicates. A consensus tree was generated from bootstrap replicates using the 
CONSENSE program within the PHYLIP software package. 
 Mantel tests were performed between Morisita-Horn Dissimilarity Indices among 
sites in R (114) using the Vegan package (115) function “mantel”. Mantel tests were 
completed with the Pearson method using 1,000 permutations.  
 Primer bias analysis was completed by comparing 16S rDNA sequences identified 
with the metagenomes to primers used for the determination of 16S rDNA panels (8). 
Metagenomic 16S sequences where searched using the Bacteria-specific primer Bac8f 
(5′-AGAGTTTGATCCTGGCTCAG-3′) coupled with the universal primer Univ1392r 
(5′-ACGGGCGGTGTGTAC-3′) and the Archaea-specific primer Arc2f (5′-
TTCCGGTTGATCCYGCCGGA-3′) also coupled with the universal primer Univ1392r. 
Matches where identified when a metagenomic 16S sequences contained a 100% identity 
match primers and matches were counted to determine archaeal forward, bacterial 
forward and reverse primer match counts. 
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T (°C) pH
BP1 93 7.4
BP2 79 7.7
BP3 68 7.9
BP4 65 8.0
BP5 57 8.3
YNP1 75 2.1
YNP2 89 4.7
YNP3 85 4.0
YNP4 78 6.0
YNP5 57 6.2
YNP6 52 8.2
YNP7 52 5.8
YNP9 70 3.1
YNP10 71 6.5
YNP11 82 7.9
YNP12 75 7.8
YNP13 81 7.8
YNP14 73 3.5
YNP15 60 8.2
YNP16 35 8.1
YNP17 56 5.7
YNP18 76 6.4
YNP19 76 4.4
YNP20 54 6.2  
Table 4-1: Temperature and pH metadata for twenty-four Yellowstone National Park 
metagenomes included within this study. 
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BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
Crenarchaeota 93% 100% 100% 0% 97% 100% 100% 100% 100% 0% 0% 0% 21% 0% 100% 0% 0% 84% 56% 0% 24% 42% 100% 0%
Euryarchaeota 7% 0% 0% 0% 3% 0% 0% 0% 0% 100% 0% 0% 79% 0% 0% 0% 0% 16% 44% 0% 76% 9% 0% 0%
Korarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 49% 0% 0%
Nanoarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Thaumarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%  
Table 4-2: Phyla relative abundances calculated from archaeal 16S rDNA libraries 
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BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
Acidobacteria 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 5% 0% 0% 0% 0% 0% 0% 0% 1% 0% 1% 0% 0% 0%
Actinobacteria 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Aquificae 91% 58% 3% 0% 1% 0% 98% 100% 99% 5% 0% 0% 99% 99% 97% 83% 99% 100% 3% 58% 3% 0% 0% 3%
Armatimonadetes 0% 0% 18% 2% 26% 0% 0% 0% 0% 13% 1% 2% 0% 0% 0% 0% 0% 0% 18% 0% 3% 0% 0% 15%
Bacteroidetes 0% 0% 0% 0% 0% 0% 0% 0% 0% 2% 31% 1% 0% 0% 0% 0% 0% 0% 2% 2% 1% 0% 0% 2%
Caldiserica 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 0% 4% 2% 33% 0% 0% 0%
Chlorobi 0% 0% 0% 1% 1% 0% 0% 0% 0% 2% 1% 8% 0% 0% 0% 0% 0% 0% 2% 0% 10% 0% 0% 0%
Chloroflexi 0% 0% 1% 6% 26% 0% 0% 0% 0% 57% 12% 30% 0% 0% 1% 0% 0% 0% 33% 0% 4% 0% 0% 36%
Cyanobacteria 1% 0% 0% 83% 13% 0% 0% 0% 0% 0% 39% 47% 0% 0% 0% 0% 0% 0% 12% 0% 5% 0% 0% 0%
Deinococcus-Thermus 3% 4% 65% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 8% 1% 0% 3% 0% 3% 0% 0% 0%
Dictyoglomi 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 9% 1% 0% 0% 0%
Firmicutes 0% 8% 11% 1% 0% 0% 0% 0% 0% 2% 0% 0% 0% 0% 0% 0% 0% 0% 2% 0% 1% 0% 0% 0%
Nitrospirae 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Planctomycetes 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Proteobacteria 5% 29% 2% 5% 31% 0% 2% 0% 0% 7% 5% 2% 1% 0% 0% 0% 0% 0% 1% 6% 26% 0% 0% 36%
Spirochaetes 0% 0% 0% 0% 0% 0% 0% 0% 0% 2% 1% 8% 0% 0% 0% 0% 0% 0% 1% 0% 1% 0% 0% 3%
Thermodesulfobacteria 0% 0% 0% 0% 0% 0% 1% 0% 1% 5% 0% 0% 0% 1% 0% 3% 0% 0% 0% 16% 0% 0% 0% 0%
Thermotogae 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 4% 0% 0% 15% 4% 1% 0% 0% 0%
Other 0% 0% 0% 0% 0% 0% 0% 0% 0% 5% 3% 1% 0% 0% 0% 0% 0% 0% 1% 3% 4% 0% 0% 4%  
Table 4-3: Phyla relative abundances calculated from bacterial 16S rDNA libraries 
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BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
Crenarchaeota 98% 92% 29% 14% 10% 99% 96% 98% 99% 21% 67% 29% 86% 100% 89% 100% 97% 98% 6% 6% 22% 92% 99% 22%
Euryarchaeota 2% 8% 69% 86% 90% 1% 3% 2% 1% 79% 33% 71% 14% 0% 10% 0% 3% 2% 91% 94% 74% 8% 1% 78%
Korarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Nanoarchaeota 0% 0% 0% 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Thaumarchaeota 0% 0% 2% 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 1% 0% 0% 0% 3% 0% 4% 0% 0% 0%  
Table 4-4: Phyla relative abundances calculated from archaeal metagenome sequences 
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BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
Acidobacteria 0% 0% 1% 7% 8% 0% 1% 1% 0% 1% 24% 1% 0% 0% 0% 0% 0% 0% 4% 1% 1% 0% 0% 1%
Actinobacteria 1% 2% 5% 2% 3% 33% 30% 6% 28% 3% 2% 1% 0% 0% 6% 0% 2% 0% 4% 5% 2% 2% 37% 3%
Aquificae 27% 15% 3% 0% 0% 0% 37% 80% 10% 5% 0% 1% 97% 98% 41% 61% 71% 99% 1% 0% 3% 46% 0% 2%
Armatimonadetes 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Bacteroidetes 0% 1% 3% 1% 1% 0% 2% 0% 0% 1% 7% 3% 0% 0% 3% 0% 1% 0% 1% 1% 2% 1% 0% 1%
Caldiserica 0% 0% 0% 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 24% 0% 0% 0%
Chlorobi 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 3% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 0% 0%
Chloroflexi 1% 1% 12% 42% 39% 0% 0% 0% 0% 70% 17% 58% 0% 0% 1% 0% 1% 0% 52% 57% 1% 1% 0% 50%
Cyanobacteria 0% 1% 1% 26% 17% 0% 2% 0% 0% 0% 26% 20% 0% 0% 2% 0% 1% 0% 16% 1% 3% 1% 0% 1%
Deinococcus-Thermus 18% 19% 46% 3% 5% 0% 2% 2% 3% 1% 1% 0% 0% 0% 2% 27% 3% 0% 3% 1% 3% 1% 0% 1%
Dictyoglomi 0% 0% 0% 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 1% 0% 1% 0% 0% 0% 2% 5% 0% 0%
Firmicutes 2% 5% 6% 2% 2% 8% 6% 4% 10% 3% 2% 3% 1% 1% 12% 1% 6% 1% 4% 2% 10% 4% 13% 4%
Nitrospirae 0% 0% 0% 0% 0% 0% 0% 0% 0% 3% 0% 0% 0% 0% 0% 0% 1% 0% 1% 0% 1% 0% 0% 5%
Planctomycetes 0% 0% 1% 0% 0% 8% 0% 0% 3% 0% 0% 0% 0% 0% 1% 0% 0% 0% 1% 1% 0% 0% 3% 0%
Proteobacteria 45% 51% 20% 16% 22% 17% 9% 6% 25% 8% 19% 8% 0% 0% 17% 1% 6% 0% 10% 29% 42% 7% 23% 30%
Spirochaetes 0% 0% 0% 0% 0% 0% 0% 0% 3% 0% 0% 1% 0% 0% 1% 0% 1% 0% 0% 0% 1% 0% 0% 0%
Thermodesulfobacteria 2% 1% 0% 0% 0% 0% 0% 0% 3% 1% 0% 0% 0% 0% 3% 2% 3% 0% 0% 0% 0% 28% 0% 0%
Thermotogae 1% 0% 0% 0% 0% 0% 1% 0% 3% 0% 0% 0% 0% 0% 2% 6% 2% 0% 1% 0% 1% 2% 0% 0%
Other 1% 2% 2% 1% 1% 33% 9% 2% 15% 2% 3% 2% 0% 0% 5% 0% 2% 0% 1% 1% 5% 2% 23% 2%  
Table 4-5: Phyla relative abundances calculated from bacterial metagenome sequences 
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BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
Acidobacteria 0% 0% 1% 7% 8% 0% 0% 0% 0% 1% 24% 1% 0% 0% 0% 0% 0% 0% 4% 1% 1% 0% 0% 1%
Actinobacteria 1% 2% 5% 2% 3% 0% 2% 1% 0% 3% 2% 1% 0% 0% 4% 0% 1% 0% 4% 5% 2% 1% 0% 3%
Aquificae 22% 12% 3% 0% 0% 0% 3% 10% 0% 5% 0% 1% 72% 98% 25% 61% 52% 67% 0% 0% 3% 27% 0% 2%
Armatimonadetes 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Bacteroidetes 0% 1% 3% 1% 1% 0% 0% 0% 0% 1% 7% 3% 0% 0% 2% 0% 1% 0% 1% 1% 2% 0% 0% 1%
Caldiserica 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 23% 0% 0% 0%
Chlorobi 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 3% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 0% 0%
Chloroflexi 1% 1% 12% 42% 39% 0% 0% 0% 0% 70% 17% 58% 0% 0% 1% 0% 1% 0% 51% 57% 1% 0% 0% 50%
Crenarchaeota 17% 17% 0% 0% 0% 99% 89% 86% 98% 0% 0% 0% 22% 0% 35% 0% 26% 31% 0% 0% 0% 38% 98% 0%
Cyanobacteria 0% 1% 1% 26% 17% 0% 0% 0% 0% 0% 26% 20% 0% 0% 1% 0% 0% 0% 15% 1% 3% 0% 0% 1%
Deinococcus-Thermus 15% 16% 46% 3% 5% 0% 0% 0% 0% 1% 1% 0% 0% 0% 1% 27% 2% 0% 3% 1% 3% 1% 0% 1%
Dictyoglomi 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 1% 0% 0% 0% 2% 3% 0% 0%
Euryarchaeota 0% 1% 1% 0% 0% 1% 2% 1% 1% 0% 0% 0% 3% 0% 4% 0% 1% 1% 2% 0% 2% 3% 1% 1%
Firmicutes 2% 4% 6% 2% 2% 0% 0% 1% 0% 3% 2% 3% 1% 1% 7% 1% 4% 0% 4% 2% 10% 2% 0% 4%
Korarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Nanoarchaeota 0% 0% 0% 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Nitrospirae 0% 0% 0% 0% 0% 0% 0% 0% 0% 3% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 1% 0% 0% 4%
Planctomycetes 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 1% 0% 0% 0% 0%
Proteobacteria 37% 41% 19% 16% 22% 0% 1% 1% 0% 8% 19% 8% 0% 0% 10% 1% 4% 0% 10% 29% 41% 4% 0% 30%
Spirochaetes 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 0% 0% 1% 0% 0% 0% 0% 0% 1% 0% 0% 0%
Thaumarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Thermodesulfobacteria 1% 1% 0% 0% 0% 0% 0% 0% 0% 1% 0% 0% 0% 0% 2% 2% 2% 0% 0% 0% 0% 16% 0% 0%
Thermotogae 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 6% 2% 0% 1% 0% 1% 1% 0% 0%
Other 1% 2% 2% 1% 1% 0% 1% 0% 0% 2% 3% 2% 0% 0% 3% 0% 2% 0% 1% 1% 4% 1% 0% 2%  
Table 4-6: Phyla relative abundances calculated from all metagenome sequences  
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BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
Acidobacteria 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 6% 13% 9% 0% 0% 0%
Actinobacteria 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Aquificae 40% 25% 10% 0% 0% 0% 25% 13% 0% 6% 0% 0% 40% 100% 36% 63% 40% 25% 6% 0% 9% 9% 0% 15%
Armatimonadetes 0% 0% 20% 7% 33% 0% 0% 0% 0% 25% 6% 0% 0% 0% 0% 0% 0% 0% 28% 0% 9% 0% 0% 0%
Bacteroidetes 0% 0% 10% 0% 0% 0% 0% 0% 0% 0% 33% 25% 0% 0% 0% 0% 0% 0% 6% 0% 0% 0% 0% 0%
Caldiserica 0% 0% 0% 0% 0% 0% 0% 0% 0% 6% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Chlorobi 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 8% 0% 0% 0% 0% 0% 0% 11% 0% 9% 0% 0% 0%
Chloroflexi 0% 0% 10% 33% 28% 0% 0% 0% 0% 25% 17% 17% 0% 0% 0% 0% 0% 0% 17% 50% 0% 0% 0% 38%
Crenarchaeota 30% 40% 20% 0% 0% 75% 50% 88% 74% 0% 0% 0% 40% 0% 64% 0% 60% 33% 6% 0% 0% 61% 100% 0%
Cyanobacteria 0% 0% 0% 20% 11% 0% 0% 0% 0% 0% 22% 25% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Deinococcus-Thermus 0% 5% 20% 20% 11% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 13% 0% 0% 0% 0% 9% 0% 0% 0%
Dictyoglomi 0% 0% 0% 0% 0% 0% 0% 0% 0% 13% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 4% 0% 0%
Euryarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 20% 0% 0% 0% 0% 17% 0% 0% 9% 9% 0% 0%
Firmicutes 10% 15% 10% 0% 0% 0% 0% 0% 11% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 4% 0% 0%
Korarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 4% 0% 0%
Nanoarchaeota 0% 0% 0% 0% 0% 25% 25% 0% 5% 0% 0% 0% 0% 0% 0% 0% 0% 25% 0% 0% 0% 0% 0% 0%
Nitrospirae 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Planctomycetes 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 13% 0% 0% 0% 0%
Proteobacteria 20% 15% 0% 13% 17% 0% 0% 0% 11% 6% 17% 8% 0% 0% 0% 0% 0% 0% 17% 25% 45% 0% 0% 23%
Spirochaetes 0% 0% 0% 7% 0% 0% 0% 0% 0% 13% 0% 8% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 15%
Thaumarchaeota 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Thermodesulfobacteria 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 13% 0% 0% 0% 0% 0% 0% 0% 0%
Thermotogae 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 13% 0% 0% 0% 0% 0% 4% 0% 0%
Other 0% 0% 0% 0% 0% 0% 0% 0% 0% 6% 6% 8% 0% 0% 0% 0% 0% 0% 6% 0% 0% 4% 0% 8%  
Table 4-7: Phyla relative abundances calculated from metagenomic 16S rDNA genes 
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16s rRNA Panels Metagenomic DNA Metagenomic 16S rDNA
Site S D H E Count S D H E Count S D H E Count
BP1 6 0.43 0.99 0.55 368 30 0.24 1.69 0.5 5805 4 0.3 1.28 0.92 10
BP2 7 0.31 1.3 0.67 555 39 0.24 1.84 0.5 5973 5 0.27 1.43 0.89 20
BP3 8 0.33 1.31 0.63 530 37 0.27 1.81 0.5 6502 7 0.16 1.89 0.97 10
BP4 8 0.7 0.72 0.35 335 39 0.27 1.62 0.44 21713 6 0.22 1.64 0.92 15
BP5 10 0.21 1.7 0.74 391 39 0.24 1.76 0.48 17495 5 0.24 1.51 0.94 18
YNP1 1 1 0 0 301 10 0.97 0.1 0.05 1480 2 0.63 0.56 0.81 8
YNP2 4 0.5 0.75 0.54 635 24 0.8 0.56 0.18 1736 3 0.38 1.04 0.95 4
YNP3 2 0.52 0.67 0.97 603 11 0.76 0.56 0.23 1188 2 0.78 0.38 0.54 8
YNP4 3 0.5 0.71 0.64 528 16 0.95 0.16 0.06 2330 4 0.57 0.85 0.62 19
YNP5 15 0.29 1.78 0.66 288 35 0.5 1.35 0.38 3949 8 0.17 1.91 0.92 16
YNP6 13 0.27 1.61 0.63 356 29 0.19 1.87 0.56 3291 6 0.22 1.62 0.9 18
YNP7 10 0.33 1.39 0.6 342 36 0.38 1.48 0.41 3178 7 0.18 1.82 0.94 12
YNP9 4 0.42 0.97 0.7 658 19 0.57 0.82 0.28 2337 3 0.36 1.05 0.96 5
YNP10 2 0.99 0.03 0.05 366 8 0.95 0.16 0.08 361 1 1 0 0 3
YNP11 7 0.51 0.77 0.39 420 31 0.2 2.09 0.61 1610 2 0.54 0.65 0.94 14
YNP12 7 0.71 0.65 0.34 326 21 0.45 1.11 0.37 3361 4 0.44 1.07 0.77 8
YNP13 2 0.99 0.03 0.05 361 26 0.35 1.58 0.48 1511 2 0.52 0.67 0.97 5
YNP14 4 0.45 0.89 0.64 685 13 0.55 0.73 0.29 2793 4 0.26 1.36 0.98 12
YNP15 19 0.17 2.06 0.7 478 37 0.3 1.82 0.5 4227 9 0.16 2 0.91 18
YNP16 12 0.37 1.44 0.58 284 33 0.41 1.28 0.37 4683 4 0.34 1.21 0.88 8
YNP17 21 0.19 2.05 0.67 509 32 0.23 2.07 0.6 1050 7 0.26 1.67 0.86 11
YNP18 4 0.42 0.94 0.68 304 30 0.25 1.78 0.52 2642 8 0.4 1.41 0.68 23
YNP19 2 0.99 0.03 0.04 240 12 0.96 0.14 0.06 2468 1 1 0 0 8
YNP20 11 0.29 1.52 0.63 296 36 0.34 1.57 0.44 4268 5 0.25 1.48 0.92 13  
Table 4-8: Species (phyla) richness (S), Simpson diversity index (D), Shannon diversity index (H), Shannon evenness (E) and 
amplicon counts for 16S rDNA libraries, metagenome sequences and metagenomic 16S rDNA genes for twenty-four 
Yellowstone National Park sites. 
  
  
1
0
0 
BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
BP1 0.00 0.06 0.43 0.99 0.52 0.27 0.05 0.06 0.04 0.93 0.99 1.00 0.36 0.45 0.08 0.42 0.45 0.06 0.46 0.43 0.74 0.48 0.27 0.94
BP2 0.06 0.00 0.45 0.98 0.41 0.40 0.10 0.11 0.09 0.91 0.97 0.99 0.40 0.46 0.13 0.42 0.46 0.10 0.51 0.38 0.70 0.55 0.40 0.75
BP3 0.43 0.45 0.00 0.99 0.50 0.41 0.58 0.60 0.56 0.94 0.99 0.99 0.86 0.97 0.63 0.91 0.97 0.60 0.49 0.96 0.79 0.56 0.41 0.93
BP4 0.99 0.98 0.99 0.00 0.77 1.00 1.00 1.00 1.00 0.92 0.30 0.19 1.00 1.00 1.00 1.00 1.00 1.00 0.86 0.99 0.92 1.00 1.00 0.91
BP5 0.52 0.41 0.50 0.77 0.00 0.54 0.65 0.67 0.64 0.48 0.71 0.60 0.88 0.98 0.70 0.98 0.98 0.67 0.29 0.93 0.62 0.63 0.54 0.28
YNP1 0.27 0.40 0.41 1.00 0.54 0.00 0.44 0.47 0.42 1.00 1.00 1.00 0.85 1.00 0.52 1.00 1.00 0.49 0.52 1.00 0.82 0.41 0.00 1.00
YNP2 0.05 0.10 0.58 1.00 0.65 0.44 0.00 0.00 0.00 0.93 0.99 1.00 0.27 0.24 0.01 0.21 0.24 0.01 0.62 0.24 0.83 0.62 0.44 0.95
YNP3 0.06 0.11 0.60 1.00 0.67 0.47 0.00 0.00 0.00 0.93 1.00 1.00 0.26 0.21 0.00 0.19 0.21 0.01 0.64 0.22 0.85 0.64 0.47 0.95
YNP4 0.04 0.09 0.56 1.00 0.64 0.42 0.00 0.00 0.00 0.93 1.00 1.00 0.29 0.26 0.01 0.23 0.26 0.01 0.60 0.26 0.83 0.60 0.41 0.96
YNP5 0.93 0.91 0.94 0.92 0.48 1.00 0.93 0.93 0.93 0.00 0.75 0.48 0.82 0.92 0.92 0.91 0.92 0.91 0.50 0.87 0.75 0.98 1.00 0.22
YNP6 0.99 0.97 0.99 0.30 0.71 1.00 0.99 1.00 1.00 0.75 0.00 0.23 1.00 1.00 0.99 0.99 1.00 1.00 0.79 0.97 0.90 1.00 1.00 0.75
YNP7 1.00 0.99 0.99 0.19 0.60 1.00 1.00 1.00 1.00 0.48 0.23 0.00 1.00 1.00 0.99 1.00 1.00 1.00 0.68 0.99 0.89 1.00 1.00 0.60
YNP9 0.36 0.40 0.86 1.00 0.88 0.85 0.27 0.26 0.29 0.82 1.00 1.00 0.00 0.28 0.25 0.25 0.28 0.20 0.58 0.26 0.48 0.82 0.85 0.95
YNP10 0.45 0.46 0.97 1.00 0.98 1.00 0.24 0.21 0.26 0.92 1.00 1.00 0.28 0.00 0.18 0.02 0.00 0.23 0.97 0.14 0.97 1.00 1.00 0.95
YNP11 0.08 0.13 0.63 1.00 0.70 0.52 0.01 0.00 0.01 0.92 0.99 0.99 0.25 0.18 0.00 0.15 0.18 0.01 0.67 0.19 0.86 0.68 0.52 0.95
YNP12 0.42 0.42 0.91 1.00 0.98 1.00 0.21 0.19 0.23 0.91 0.99 1.00 0.25 0.02 0.15 0.00 0.02 0.20 0.96 0.08 0.96 1.00 1.00 0.95
YNP13 0.45 0.46 0.97 1.00 0.98 1.00 0.24 0.21 0.26 0.92 1.00 1.00 0.28 0.00 0.18 0.02 0.00 0.23 0.97 0.14 0.97 1.00 1.00 0.95
YNP14 0.06 0.10 0.60 1.00 0.67 0.49 0.01 0.01 0.01 0.91 1.00 1.00 0.20 0.23 0.01 0.20 0.23 0.00 0.59 0.22 0.77 0.63 0.49 0.95
YNP15 0.46 0.51 0.49 0.86 0.29 0.52 0.62 0.64 0.60 0.50 0.79 0.68 0.58 0.97 0.67 0.96 0.97 0.59 0.00 0.95 0.34 0.54 0.52 0.67
YNP16 0.43 0.38 0.96 0.99 0.93 1.00 0.24 0.22 0.26 0.87 0.97 0.99 0.26 0.14 0.19 0.08 0.14 0.22 0.95 0.00 0.92 1.00 1.00 0.88
YNP17 0.74 0.70 0.79 0.92 0.62 0.82 0.83 0.85 0.83 0.75 0.90 0.89 0.48 0.97 0.86 0.96 0.97 0.77 0.34 0.92 0.00 0.75 0.82 0.73
YNP18 0.48 0.55 0.56 1.00 0.63 0.41 0.62 0.64 0.60 0.98 1.00 1.00 0.82 1.00 0.68 1.00 1.00 0.63 0.54 1.00 0.75 0.00 0.41 1.00
YNP19 0.27 0.40 0.41 1.00 0.54 0.00 0.44 0.47 0.41 1.00 1.00 1.00 0.85 1.00 0.52 1.00 1.00 0.49 0.52 1.00 0.82 0.41 0.00 1.00
YNP20 0.94 0.75 0.93 0.91 0.28 1.00 0.95 0.95 0.96 0.22 0.75 0.60 0.95 0.95 0.95 0.95 0.95 0.95 0.67 0.88 0.73 1.00 1.00 0.00  
Table 4-9: Morisita-Horn dissimilarity matrix of sites based on 16S rDNA taxonomic profile among sites 
  
  
1
0
1 
BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
BP1 0.00 0.03 0.41 0.73 0.61 0.72 0.69 0.65 0.71 0.87 0.66 0.88 0.51 0.63 0.29 0.47 0.38 0.48 0.83 0.65 0.30 0.41 0.71 0.59
BP2 0.03 0.00 0.37 0.70 0.56 0.72 0.70 0.67 0.72 0.86 0.61 0.86 0.69 0.80 0.38 0.64 0.55 0.66 0.80 0.60 0.23 0.52 0.72 0.54
BP3 0.41 0.37 0.00 0.63 0.53 1.00 0.99 0.98 0.99 0.71 0.71 0.72 0.94 0.95 0.82 0.59 0.87 0.94 0.65 0.60 0.59 0.91 0.99 0.59
BP4 0.73 0.70 0.63 0.00 0.02 1.00 1.00 1.00 1.00 0.20 0.20 0.07 0.99 1.00 0.89 0.97 0.95 1.00 0.05 0.15 0.68 0.96 1.00 0.16
BP5 0.61 0.56 0.53 0.02 0.00 1.00 0.99 0.99 1.00 0.20 0.21 0.11 0.99 0.99 0.85 0.95 0.94 0.99 0.06 0.10 0.57 0.95 1.00 0.09
YNP1 0.72 0.72 1.00 1.00 1.00 0.00 0.01 0.01 0.00 1.00 1.00 1.00 0.72 1.00 0.40 0.99 0.61 0.59 1.00 1.00 0.99 0.38 0.00 1.00
YNP2 0.69 0.70 0.99 1.00 0.99 0.01 0.00 0.00 0.00 0.99 0.99 1.00 0.69 0.97 0.35 0.97 0.57 0.56 0.99 0.99 0.98 0.33 0.00 0.99
YNP3 0.65 0.67 0.98 1.00 0.99 0.01 0.00 0.00 0.01 0.99 1.00 1.00 0.61 0.89 0.31 0.90 0.50 0.49 0.99 1.00 0.98 0.28 0.01 0.99
YNP4 0.71 0.72 0.99 1.00 1.00 0.00 0.00 0.01 0.00 1.00 1.00 1.00 0.72 1.00 0.40 0.99 0.61 0.59 1.00 1.00 0.99 0.37 0.00 0.99
YNP5 0.87 0.86 0.71 0.20 0.20 1.00 0.99 0.99 1.00 0.00 0.60 0.06 0.93 0.94 0.91 0.93 0.91 0.94 0.08 0.07 0.87 0.94 1.00 0.10
YNP6 0.66 0.61 0.71 0.20 0.21 1.00 0.99 1.00 1.00 0.60 0.00 0.42 1.00 1.00 0.86 0.99 0.95 1.00 0.37 0.48 0.57 0.95 1.00 0.46
YNP7 0.88 0.86 0.72 0.07 0.11 1.00 1.00 1.00 1.00 0.06 0.42 0.00 0.99 0.99 0.93 0.99 0.96 0.99 0.02 0.10 0.85 0.97 1.00 0.13
YNP9 0.51 0.69 0.94 0.99 0.99 0.72 0.69 0.61 0.72 0.93 1.00 0.99 0.00 0.07 0.32 0.14 0.05 0.01 0.99 1.00 0.94 0.32 0.72 0.96
YNP10 0.63 0.80 0.95 1.00 0.99 1.00 0.97 0.89 1.00 0.94 1.00 0.99 0.07 0.00 0.57 0.15 0.21 0.13 0.99 1.00 0.95 0.56 1.00 0.97
YNP11 0.29 0.38 0.82 0.89 0.85 0.40 0.35 0.31 0.40 0.91 0.86 0.93 0.32 0.57 0.00 0.50 0.16 0.25 0.90 0.88 0.73 0.06 0.40 0.84
YNP12 0.47 0.64 0.59 0.97 0.95 0.99 0.97 0.90 0.99 0.93 0.99 0.99 0.14 0.15 0.50 0.00 0.17 0.18 0.97 0.98 0.91 0.51 0.99 0.95
YNP13 0.38 0.55 0.87 0.95 0.94 0.61 0.57 0.50 0.61 0.91 0.95 0.96 0.05 0.21 0.16 0.17 0.00 0.03 0.95 0.95 0.86 0.18 0.61 0.91
YNP14 0.48 0.66 0.94 1.00 0.99 0.59 0.56 0.49 0.59 0.94 1.00 0.99 0.01 0.13 0.25 0.18 0.03 0.00 0.99 1.00 0.95 0.25 0.59 0.97
YNP15 0.83 0.80 0.65 0.05 0.06 1.00 0.99 0.99 1.00 0.08 0.37 0.02 0.99 0.99 0.90 0.97 0.95 0.99 0.00 0.09 0.79 0.96 1.00 0.10
YNP16 0.65 0.60 0.60 0.15 0.10 1.00 0.99 1.00 1.00 0.07 0.48 0.10 1.00 1.00 0.88 0.98 0.95 1.00 0.09 0.00 0.61 0.95 1.00 0.01
YNP17 0.30 0.23 0.59 0.68 0.57 0.99 0.98 0.98 0.99 0.87 0.57 0.85 0.94 0.95 0.73 0.91 0.86 0.95 0.79 0.61 0.00 0.87 0.99 0.54
YNP18 0.41 0.52 0.91 0.96 0.95 0.38 0.33 0.28 0.37 0.94 0.95 0.97 0.32 0.56 0.06 0.51 0.18 0.25 0.96 0.95 0.87 0.00 0.37 0.93
YNP19 0.71 0.72 0.99 1.00 1.00 0.00 0.00 0.01 0.00 1.00 1.00 1.00 0.72 1.00 0.40 0.99 0.61 0.59 1.00 1.00 0.99 0.37 0.00 1.00
YNP20 0.59 0.54 0.59 0.16 0.09 1.00 0.99 0.99 0.99 0.10 0.46 0.13 0.96 0.97 0.84 0.95 0.91 0.97 0.10 0.01 0.54 0.93 1.00 0.00  
Table 4-10: Morisita-Horn dissimilarity matrix of sites based on metagenomic taxonomic profile among sites 
  
  
1
0
2 
BP1 BP2 BP3 BP4 BP5 YNP1 YNP2 YNP3 YNP4 YNP5 YNP6 YNP7 YNP9 YNP10 YNP11 YNP12 YNP13 YNP14 YNP15 YNP16 YNP17 YNP18 YNP19 YNP20
BP1 0.00 0.07 0.52 0.90 0.88 0.51 0.26 0.42 0.42 0.84 0.87 0.93 0.15 0.38 0.20 0.32 0.17 0.29 0.68 0.84 0.54 0.36 0.54 0.61
BP2 0.07 0.00 0.40 0.88 0.88 0.33 0.19 0.27 0.22 0.88 0.90 0.94 0.17 0.61 0.15 0.54 0.14 0.27 0.71 0.88 0.64 0.19 0.37 0.72
BP3 0.52 0.40 0.00 0.54 0.42 0.62 0.53 0.60 0.57 0.51 0.68 0.75 0.54 0.83 0.53 0.71 0.53 0.57 0.41 0.80 0.78 0.52 0.66 0.74
BP4 0.90 0.88 0.54 0.00 0.21 1.00 1.00 1.00 0.96 0.39 0.42 0.37 1.00 1.00 1.00 0.92 1.00 1.00 0.48 0.29 0.64 1.00 1.00 0.28
BP5 0.88 0.88 0.42 0.21 0.00 1.00 1.00 1.00 0.96 0.19 0.49 0.57 1.00 1.00 1.00 0.96 1.00 1.00 0.15 0.38 0.53 1.00 1.00 0.41
YNP1 0.51 0.33 0.62 1.00 1.00 0.00 0.13 0.07 0.05 1.00 1.00 1.00 0.39 1.00 0.17 1.00 0.21 0.30 0.89 1.00 1.00 0.10 0.08 1.00
YNP2 0.26 0.19 0.53 1.00 1.00 0.13 0.00 0.19 0.19 0.94 1.00 1.00 0.18 0.64 0.10 0.62 0.11 0.09 0.84 1.00 0.93 0.15 0.27 0.88
YNP3 0.42 0.27 0.60 1.00 1.00 0.07 0.19 0.00 0.04 0.98 1.00 1.00 0.30 0.86 0.08 0.87 0.12 0.38 0.88 1.00 0.98 0.06 0.02 0.96
YNP4 0.42 0.22 0.57 0.96 0.96 0.05 0.19 0.04 0.00 0.98 0.95 0.98 0.36 1.00 0.15 1.00 0.19 0.38 0.83 0.94 0.88 0.05 0.06 0.94
YNP5 0.84 0.88 0.51 0.39 0.19 1.00 0.94 0.98 0.98 0.00 0.66 0.66 0.90 0.89 0.93 0.87 0.93 0.93 0.23 0.44 0.73 0.96 1.00 0.33
YNP6 0.87 0.90 0.68 0.42 0.49 1.00 1.00 1.00 0.95 0.66 0.00 0.08 1.00 1.00 1.00 1.00 1.00 1.00 0.52 0.55 0.66 1.00 1.00 0.56
YNP7 0.93 0.94 0.75 0.37 0.57 1.00 1.00 1.00 0.98 0.66 0.08 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.61 0.59 0.79 1.00 1.00 0.54
YNP9 0.15 0.17 0.54 1.00 1.00 0.39 0.18 0.30 0.36 0.90 1.00 1.00 0.00 0.41 0.11 0.37 0.09 0.15 0.82 1.00 0.82 0.22 0.41 0.80
YNP10 0.38 0.61 0.83 1.00 1.00 1.00 0.64 0.86 1.00 0.89 1.00 1.00 0.41 0.00 0.54 0.13 0.47 0.60 0.90 1.00 0.86 0.87 1.00 0.74
YNP11 0.20 0.15 0.53 1.00 1.00 0.17 0.10 0.08 0.15 0.93 1.00 1.00 0.11 0.54 0.00 0.54 0.00 0.25 0.84 1.00 0.92 0.09 0.17 0.86
YNP12 0.32 0.54 0.71 0.92 0.96 1.00 0.62 0.87 1.00 0.87 1.00 1.00 0.37 0.13 0.54 0.00 0.48 0.55 0.88 1.00 0.80 0.86 1.00 0.71
YNP13 0.17 0.14 0.53 1.00 1.00 0.21 0.11 0.12 0.19 0.93 1.00 1.00 0.09 0.47 0.00 0.48 0.00 0.23 0.83 1.00 0.91 0.12 0.21 0.84
YNP14 0.29 0.27 0.57 1.00 1.00 0.30 0.09 0.38 0.38 0.93 1.00 1.00 0.15 0.60 0.25 0.55 0.23 0.00 0.84 1.00 0.85 0.28 0.47 0.85
YNP15 0.68 0.71 0.41 0.48 0.15 0.89 0.84 0.88 0.83 0.23 0.52 0.61 0.82 0.90 0.84 0.88 0.83 0.84 0.00 0.46 0.41 0.86 0.90 0.46
YNP16 0.84 0.88 0.80 0.29 0.38 1.00 1.00 1.00 0.94 0.44 0.55 0.59 1.00 1.00 1.00 1.00 1.00 1.00 0.46 0.00 0.58 1.00 1.00 0.15
YNP17 0.54 0.64 0.78 0.64 0.53 1.00 0.93 0.98 0.88 0.73 0.66 0.79 0.82 0.86 0.92 0.80 0.91 0.85 0.41 0.58 0.00 0.95 1.00 0.53
YNP18 0.36 0.19 0.52 1.00 1.00 0.10 0.15 0.06 0.05 0.96 1.00 1.00 0.22 0.87 0.09 0.86 0.12 0.28 0.86 1.00 0.95 0.00 0.11 0.96
YNP19 0.54 0.37 0.66 1.00 1.00 0.08 0.27 0.02 0.06 1.00 1.00 1.00 0.41 1.00 0.17 1.00 0.21 0.47 0.90 1.00 1.00 0.11 0.00 1.00
YNP20 0.61 0.72 0.74 0.28 0.41 1.00 0.88 0.96 0.94 0.33 0.56 0.54 0.80 0.74 0.86 0.71 0.84 0.85 0.46 0.15 0.53 0.96 1.00 0.00  
Table 4-11: Morisita-Horn dissimilarity matrix of sites based on metagenomic 16S rDNA taxonomic profile among sites 
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Phylum 
8F or 2F 
(match/total) 
1392R 
(match/total) 
B
A
C
T
E
R
IA
 
Acidobacteria 1 / 2 6 / 6 
Actinobacteria 1 / 1 0 / 0 
Aquificae 26 / 29 30 / 45 
Armatimonadetes 16 / 20  10 / 11 
Bacteroidetes 8 / 11 9 / 10 
Calderiserica 0 / 1 0 / 0  
Chlorobi 3 / 3 1 /  2 
Chloroflexi 25 / 31 21 / 24 
Cyanobacteria 10 / 11 9 / 10 
Deinococcus-Thermus 5 / 6 9 / 9 
Dictyoglomi 1 / 2 2 / 2 
Firmicutes 5 / 5 8 / 11 
Nitrospira 2 / 3 0 / 0 
Planctomycetes 1 / 1 1 / 1 
Proteobacteria 28 / 28 23 / 35 
Spirochaetes 3 / 5 1 / 1 
Thermosulfobacteria 5 / 5 0 / 3 
Thermotogae 2 / 3 6 / 7 
A
R
C
H
A
E
A
 
Crenarchaeota 44 / 50 27 / 62 
Euryarchaeota 3 / 5 1 / 9 
Korarchaeota 1 / 1 1 / 1 
Nanoarchaeota 3 / 6 0 / 2 
 
Table 4-12: Fraction of forward and reverse primer binding site matches by phylum. 
  
  
1
0
4 
Bacterial Phyla Full Length Count Bac8F Arc2F Univ1392R Primer Pair Bac8F Arc2F Univ1392R Primer Pair
Acidobacteria yes 1 0 - 0 1 0% - 0% 100%
Aquificae yes 17 2 - 3 12 12% - 18% 71%
Armatimonadetes yes 6 1 - 1 4 17% - 17% 67%
Bacteroidetes yes 2 0 - 0 2 0% - 0% 100%
Chlorobi yes 1 0 - 0 1 0% - 0% 100%
Chloroflexi yes 11 0 - 0 11 0% - 0% 100%
Cyanobacteria yes 4 0 - 0 4 0% - 0% 100%
Deinococcus-Thermus yes 2 0 - 0 2 0% - 0% 100%
Dictyoglomi yes 1 0 - 1 0 0% - 100% 0%
Firmicutes yes 2 0 - 1 1 0% - 50% 50%
Proteobacteria yes 8 0 - 2 6 0% - 25% 75%
Thermotogae yes 2 0 - 0 2 0% - 0% 100%
Archaeal Phyla Full Length Count Bac8F Arc2F Univ1392R Primer Pair Bac8F Arc2F Univ1392R Primer Pair
Crenarchaeota yes 9 - 2 1 6 - 22% 11% 67%
Euryarchaeota yes 1 - 1 0 0 - 100% 0% 0%
Korarchaeota yes 1 - 0 0 1 - 0% 0% 100%
Bacterial Phyla Full Length Count Bac8F Arc2F Univ1392R None Bac8F Arc2F Univ1392R None
Acidobacteria no 6 0 - 5 1 0% - 83% 17%
Actinobacteria no 1 1 - 0 0 100% - 0% 0%
Aquificae no 40 12 - 15 13 30% - 38% 33%
Armatimonadetes no 19 11 - 5 3 58% - 26% 16%
Bacteroidetes no 17 6 - 7 4 35% - 41% 24%
Calderiserica no 1 0 - 0 1 0% - 0% 100%
Chlorobi no 3 2 - 0 1 67% - 0% 33%
Chloroflexi no 33 14 - 10 9 42% - 30% 27%
Cyanobacteria no 13 6 - 5 2 46% - 38% 15%
Deinococcus-Thermus no 11 3 - 7 1 27% - 64% 9%
Dictyoglomi no 2 1 - 1 0 50% - 50% 0%
Firmicutes no 12 4 - 6 2 33% - 50% 17%
Nitrospira no 3 2 - 0 1 67% - 0% 33%
Planctomycetes no 2 1 - 1 0 50% - 50% 0%
Proteobacteria no 47 22 - 15 10 47% - 32% 21%
Spirochaetes no 6 3 - 1 2 50% - 17% 33%
Thermosulfobacteria no 8 5 - 0 3 63% - 0% 38%
Thermotogae no 6 0 - 4 2 0% - 67% 33%
Archaeal Phyla Full Length Count Bac8F Arc2F Univ1392R None Bac8F Arc2F Univ1392R None
Crenarchaeota no 94 - 36 20 38 - 38% 21% 40%
Euryarchaeota no 12 - 3 1 8 - 25% 8% 67%
Nanoarchaeota no 8 - 3 0 5 - 38% 0% 63%
%Primer Matches
 
4-13: Counts of primer binding site matches by phylum and primer (left). Percentages of 16S gene fragments with forward, 
reverse, forward + reverse, and no binding site matches. 
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Figure 4-1: Bar charts depicting the relative abundances phyla from bacteria (A) and 
archaea (B) from metagenome sequences (left) and 16S rDNA libraries (right) for 
twenty-four Yellowstone National Park sites. Absence of a bar indicate a 16S rDNA 
library is not available. 
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Figure 4-2: Bar charts depicting the relative abundance of phyla from all metagenome 
sequences (A) and metagenomic 16S rDNA genes (B) for twenty-four Yellowstone 
National Park sites. White space shows domain separation and is inserted between 
archaeal (bottom) and bacterial (top) phyla. 
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Figure 4-3: Plots of correlation between Simpson diversity indices calculated for same 
sites from 16S rDNA libraries, metagenome sequences and metagenomic 16S rDNA 
genes. Points are colored as: phototrophic sites (blue), chemotrophic sites (red) and 
between chemotrophic and phototrophic sites (green). Plots demonstrate correlations 
between 16S rDNA libraries and metagenome sequences (A), between metagenomic 16S 
rDNA genes and 16S rDNA libraries (B) and between metagenomic 16S rDNA genes 
and metagenome sequences (C). 
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Figure 4-4: Plots of correlation between Shannon diversity indices calculated for same 
sites from 16S rDNA libraries, metagenome sequences and metagenomic 16S rDNA 
genes. Points are colored as: phototrophic sites (blue), chemotrophic sites (red) and 
between chemotrophic and phototrophic sites (green). Plots demonstrate correlations 
between 16S rDNA libraries and metagenome sequences (A), between metagenomic 16S 
rDNA genes and 16S rDNA libraries (B) and between metagenomic 16S rDNA genes 
and metagenome sequences (C). 
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Figure 4-5: Plots of correlation between Morisita-Horn dissimilarity calculated for same 
sites from 16S rDNA libraries, metagenome sequences and metagenomic 16S rDNA 
genes. Points are colored as: phototrophic sites (blue), chemotrophic sites (red) and 
between chemotrophic and phototrophic sites (green). Plots demonstrate correlations 
between 16S rDNA libraries and metagenome sequences (A), between metagenomic 16S 
rDNA genes and 16S rDNA libraries (B) and between metagenomic 16S rDNA genes 
and metagenome sequences (C). 
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Figure 4-6: Dendrograms generated from a Morisita-Horn dissimilarity matrix of phyla 
dissimilarity among sites from 16S rDNA libraries (A), metagenome sequences (B) and 
metagenomic 16S rDNA genes (C). Sites are colored as: chemotrophic (red) and 
phototrophic (blue). 
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Figure 4-7: Dendrograms generated from Morisita-Horn dissimilarity matrices of phyla 
from 16S rDNA libraries (A), metagenome sequences (B) and metagenomic 16S rDNA 
genes (C). Phyla are colored as: archaeal (red), containing phototrophic bacteria (blue) 
and chemotrophic bacteria (black). 
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Chapter 5 
LONGER OLIGONUCLEOTIDE WORD LENGTHS IMPROVE GENOMIC AND 
METAGENOMIC TAXONOMIC CLASSIFICATION 
5.1 Abstract 
 Oligonucleotide signatures, especially tetranucleotide signatures, have been used 
as method for homology binning by exploiting an organism’s inherent biases towards the 
use of specific oligonucleotide words. Tetranucleotide signatures have been especially 
useful in environmental metagenomics samples as many of these samples contain 
organisms from poorly classified phyla which cannot be easily identified using traditional 
homology methods, including NCBI BLAST. This study examines oligonucleotide 
signatures across 1,424 completed genomes from across the tree of life, substantially 
expanding upon previous work. A comprehensive analysis of mononucleotide through 
nonanucleotide word lengths suggests that longer word lengths substantially improve the 
classification of DNA fragments across a range of sizes of relevance to high throughput 
sequencing. This study finds that, at present, heptanucleotide signatures represent an 
optimal balance between prediction accuracy and computational time for resolving 
taxonomy using both genomic and metagenomic fragments. This study directly compares 
the ability of tetranucleotide and heptanucleotide world lengths (tetranucleotide 
signatures are the current standard for oligonucleotide word usage analyses) for 
taxonomic binning of metagenome reads. This study presents evidence that 
heptanucleotide word lengths consistently provide more taxonomic resolving power, 
particularly in distinguishing between closely related organisms that are often present in 
metagenomic samples. This implies that longer oligonucleotide word lengths should 
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replace tetranucleotide signatures for most analyses. Finally, this study shows that the 
application of longer word lengths to metagenomic datasets leads to more accurate 
taxonomic binning of DNA scaffolds and have the potential to substantially improve 
taxonomic assignment and assembly of metagenomic data. 
 
5.2 Introduction 
 Microbes maintain biases in their nucleotide usage that are reflected in their 
genetic material. These biases were initially noted as the average (G + C) content in 
prokaryotes, ranging from 17% to 74% (60). However, biases extend well beyond 
mononucleotides, to lengths in excess of twenty-five nucleotides in Archaea (61). These 
biases are thought to be a result of codon usage patterns due to environmental limitations 
(62), as well as biases in DNA replication and repair systems (63). The tetranucleotide 
biases (signatures) for Sulfolobus islandicus and Escherichia coli are shown in Figure 5-1 
in comparison to the tetranucleotide signature of a randomly generated 1.6 million base 
pair DNA sequence, ordered by rank abundance to highlight differences in bin 
populations between the species and between randomly generated sequences. From these 
figures it is clear that nature diverges from a uniform distribution of tetramer words and 
that this divergence varies greatly among the different domains of life.  
 As oligonucleotide signatures are generally conserved across an organism’s entire 
genome, they have become a powerful tool for inter-genome comparisons (64–75) and as 
a very useful method for taxonomy-based binning of DNA from environmental 
metagenomics samples (36, 76–78). This work is absolutely essential to resolving the 
taxonomic make-up of natural environments, as the DNA/RNA fragments obtained via 
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metagenomics are usually stripped of taxonomically informative genes such as rRNA. 
Even in metagenomic studies where rRNA libraries are available, connecting an rRNA 
sequence in one dataset to a metagenomic read in another dataset is non-trivial; rRNA is 
notably biased in complex communities, over-representing some community members 
that are easily amplified, and under-representing (or even completely missing) 
community members whose rRNA is poorly amplified (163). Much work has been done 
to develop algorithms for clustering metagenomic data based on statistical correlations of 
oligonucleotide usage patterns, including self organizing maps (164–166) and principal 
component analysis (79, 167, 168). The enormous diversity found in natural communities 
and the short lengths of metagenome sequencing reads both act to prohibit assembly of 
metagenomic data into complete genomes. As a result, alternative methods for classifying 
the organisms in environmental genomics samples have been under rapid development 
(21, 169–171). 
 Despite evidence that oligonucleotide signatures of up to eight words in lengths 
may be useful for clustering (66, 67, 79) most work has concentrated on word lengths of 
two or four (dinucleotide and tetranucleotide), often without clear rational for not 
analyzing longer word lengths. Additionally, while a comprehensive analysis was 
completed to verify the usefulness of tetranucleotide signatures for comparative studies 
(80), there are no large-scale comparative studies validating tetranucleotide signatures as 
the optimal oligonucleotide word length for classifying genomes and metagenomes. 
Furthermore, the recent, dramatic expansion in the availability of sequenced genomes 
from across the tree of life compels a more comprehensive analysis, undertaken herein, of 
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oligonucleotide biases across a range of word lengths and including all prokaryotic 
genomes available via NCBI’s publicly available repository.  
 This study has expanded previous oligonucleotide studies to include 1,424 
sequenced microbes, including 1,315 bacteria and 109 archaea, analyzing oligonucleotide 
usage biases from mononucleotides through nonanucleotides. This study also examined 
the extent to which these biases are preserved in varying sized fragments of entire 
genomes, so as to replicate the smaller fragment sizes associated with 
metagenome/environmental sequencing and assembly. Based on these findings, this study 
argues that longer word lengths demonstrate the most potential for phylogenetic 
differentiation and the ability to classify microbes with an accuracy nearing 16S rRNA. 
These findings underscore the potential applicability of these techniques to metagenomic 
data sets where sequencing coverage permits assembly of scaffolds of 10kb or larger. 
While tetranucleotide signatures are still useful for homology comparisons and are 
computationally facile to calculate, this study argues that longer signatures are well 
within the range of modern computers and permit more accurate classification of 
genomes and scaffolds. This study identifies a tradeoff above word lengths of seven 
nucleotides where the diminishing increase in taxonomic resolution is not justified by the 
concomitant exponential increase in calculation time and computational resources 
required (at least given the present generation of computational facilities). As a result, 
this study recommends the use of longer word lengths with heptanucleotide signatures as 
the optimal compromise between resolution and computational requirements for future 
work using oligonucleotide signatures. 
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5.3 Results and Discussion 
  Using oligonucleotide-based Euclidean distance matrices (see Methods), this 
study constructed cladograms to visually represent the clustering ability of various 
oligonucleotide word lengths. Figure 5-2 contains a cladogram representing the 
relationships derived from heptanucleotide signatures (cladograms representing di- 
through nona- oligonucleotide signatures are included in Figure 5-3). The terminal 
branches of all cladograms are color coded based on taxonomy: those with a nearest 
neighbor from the same genus or species are red (strong relationships), those with nearest 
neighbors at phylum or better are blue (good relationships), those with nearest neighbors 
of the same domain are yellow and those with nearest neighbors from different domains 
are black. It is important to note that in many cases (particularly in the Archaeal domain) 
a same genus or species nearest neighbor is not possible due to limited availability of 
sequenced organisms within some phyla. These cladograms demonstrate the power of 
grouping taxonomically similar microbes based solely on their oligonucleotide 
signatures: the majority of terminal leaves are colored either red or blue, with many of 
those colored red (Numerically in Table 5-1). Comparisons across all oligonucleotide 
signature lengths demonstrate their effectiveness placing organisms from the same 
taxonomic groups together, with a general trend towards shorter branch lengths at longer 
word lengths. Additionally, these cladograms show that oligonucleotide signatures are 
conserved between closely related microbes across the tree of life. The conservation of 
signatures among closely related organisms is the key to using oligonucleotide signatures 
as a method for determining taxonomy, and it is noteworthy that genomes across the tree 
of life show distinct, evolutionarily conserved trends in their oligonucleotide biases.  
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 16S rRNA-based phylogenies are currently the gold standard for determining 
taxonomic relationships across the tree of life. Therefore, this study focused on 
comparing oligonucleotide-based cladograms from mono- to nona- word lengths to a 16S 
rRNA-based phylogenetic tree of the 1,424 prokaryotes available from NCBI’s microbial 
genome database. For these comparisons, oligonucleotide and 16S based cladograms 
were analyzed by calculating the percentage of leaf nodes which contain nearest 
neighbors of the same taxonomic level. The percentage of nearest neighbors with the 
same taxonomy from oligonucleotide signatures (y-axis) is plotted relative to 16S rRNA 
(x-axis) for mononucleotide through nonanucleotide signatures (Figure 5-4) (data 
provided in Table 5-1). This analysis includes all major taxonomic levels with the top 
axis denoting taxonomic levels as: same species (S), same genus (G), same family (F), 
same order (O), same phylum (P) and same domain (D). A 1:1 line shows the region of 
the plot with equivalence in performance between oligonucleotide word usage and 16S 
rRNA, and deviations from this 1:1 line indicate that one method is outperforming the 
other. Notably, di- through nona- nucleotide signatures perform nearly as well as 16S 
rRNA when placing genomes of the same species and domain together on a cladogram, 
but are outperformed by 16S rRNA at clustering genomes in the genus through phylum 
levels together. As is evident in Figure 5-4, the placement of same taxon organisms 
together improves substantially as oligonucleotide word length increases from mono- 
through tetra-, followed by more gradual increases as word lengths are extended further. 
While these data substantiate the use of tetranucleotide frequency analysis as fast and 
effective way to assign taxonomy they also suggest that longer word length analyses can 
indeed provide better taxonomic resolution. It is again important to note that the lack of 
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multiple organisms from all taxonomic levels makes it impossible to place nearest 
neighbors together for all cases.  
 The downside of longer word length analyses is that computational time increases 
dramatically with longer oligonucleotide signatures, as the number of bins involved in 
calculating Euclidean distances increases as 4
(word length)
. Table 5-1 shows the CPU time 
required (running on a single 2.1 GHz core) to complete the Euclidean distance 
calculations and shows that, above word lengths of nine nucleotides, computational time 
quickly becomes intractable on modern computing hardware. Additionally, beyond word 
lengths of seven nucleotides the increase in CPU time does not correspond to a sizeable 
increase in prediction accuracy (Figure 5-5). This suggests a compromise between 
accuracy and computing time at the heptanucleotide length that is both effective at 
grouping taxa and well within the computational capabilities of computational 
genomicists. This study focuses the analyses below on comparisons between 
heptanucleotide and tetranucleotide signatures, while including other word length 
analyses in Supporting Information. 
 Pairwise comparisons of 16S rRNA and oligonucleotide signatures were used to 
investigate how oligonucleotide Euclidean distances correlate with 16S rRNA identity. 
This was done directly by plotting Euclidean distance verses 16S rRNA percent identity 
for all organism pairs in this 1,424 member dataset (2,027,776 total points/comparisons). 
Figure 5-6 shows the corresponding plots for tetranucleotide and heptanucleotide 
signatures while Figure 5-7 shows plots over the range of mono- through nona- 
oligonucleotide signatures. Plots are colored based on the highest shared taxonomic level 
of the two organisms being compared: same species are in orange, same genus (purple), 
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same family (green), same order (red), same phylum (blue), same domain (yellow) and 
different domain (black) (note that the plots are normalized so the largest genus to genus 
Euclidean distance is assigned a genus normalized Euclidean distance of 1.0 
(Normalization factors in Table 5-2) Additionally, plots are truncated to this distance – 
due to their long tails. Figure 5-6 shows two very intriguing regions which are devoid of 
points located at high Euclidean distance / high 16S rRNA identity (upper right) and low 
Euclidean distance / low 16S rRNA identity (lower left). These regions contain rough 
“slopes” which naturally constrain the Euclidean distance / 16S rRNA identity space 
occupied and allow estimation of the minimum and maximum Euclidean distances that 
bound different taxonomic level. Both plots in Figure 5-6 show a region at low Euclidean 
distances where most points are either same species or same genus (left of vertical lines). 
The existence of this region is a key for using oligonucleotide signatures as a method for 
identifying genomic or metagenomic fragments based on oligonucleotide signatures; 
points that fall into this region can be placed into a genus or species classification with a 
high probability.  
 The plots in Figure 5-6 also demonstrate that at greater Euclidean distances (to the 
right of the vertical line) it becomes increasingly difficult to correctly identify taxonomy, 
as the higher taxonomic levels blur together. This “blurring” explains why while 
oligonucleotide signatures perform nearly equivalently to 16S RNA for placing genus 
and species while their ability to differentiate higher taxonomic levels drops off 
significantly. The distinguishing feature between the tetranucleotide and heptanucleotide 
plots is the Euclidean distance where these dividing lines are located: in the 
heptanucleotide plot the line is shifted to the right, indicating greater potential for 
 120 
 
classifying genomic or metagenomic fragments at the species and genus levels. Note that 
the heptanucleotide plot shows a shallower negative slope in the lower-left region as 
compared to the tetranucleotide plot, which hints at more Euclidean distance space which 
is usable for disseminating higher taxonomic levels (family, order, phylum and domain) 
as the result of this shallower slope is less blurring of the higher taxonomic levels. This 
may be the reason why longer oligonucleotide signatures are slightly better than 
tetranucleotide signatures for correctly placing the higher taxonomic levels together. 
 To directly compare tetranucleotide and heptanucleotide signatures this study took 
the Euclidean distances for all pair-wise comparisons between all organisms for 
tetranucleotide and heptanucleotide signatures and plotted them against each other 
(Figures 5-8A and 5-8B). Figure 5-8A shows all points up to a genus normalized 
Euclidean distance of 1.0 (as in Figure 5-6) while Figure 5-8B is enlarged to show points 
near the origin. Plots use the same coloring-by-shared-taxa as per Figure 5-5, and include 
a 1:1 line to show equivalent performance in grouping like taxa together. Figure 5-8A 
indicates that heptanucleotide signatures are producing relatively larger Euclidean 
distances for closely related organisms while performing equivalently to tetranucleotide 
signatures for distantly related organisms. This tends to stretch the same species and same 
genus portions of the Euclidean distance space while not affecting the domain and 
phylum regions. Focusing on the same species and same genus comparisons (orange and 
purple) in Figure 5-8B this study finds that almost all these points are above the 1:1 line, 
indicating that the stretching in this region for heptanucleotide signatures is potentially 
very useful for placing same genus and same species together based on Euclidean 
distance. Additionally, these plots suggest the use of tetranucleotide signatures for 
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comparisons between higher taxonomic levels (i.e. between phylums) as these points are 
mainly on the tetranucleotide side of the 45
o
 line. This raises an important point: different 
oligonucleotide word lengths might provide advantages in assigning different taxonomic 
levels. For instance, tetranucleotide analysis may indeed outperform heptanucleotide 
analysis when applied to a metagenomic dataset with many novel/unassignable species, 
where the focus might instead be on assigning reads at the phylum or domain levels. 
  To further investigate of the probability of oligonucleotide signatures providing 
correct taxonomic information based on Euclidean distance, this study devised a leave-
one-out analysis where taxonomic assignment of one “unknown” organism (the “one left 
out”) was made by comparing oligonucleotide signatures with the other N-1 genomes. 
Thus N-1 total comparisons were made and binned based on their Euclidean distance, 
with results shown in Figure 5-9 (for visualization, the genus normalized Euclidean 
distance range was divided into 30 bins). Bins were plotted as stacked bars showing the 
percentages of similarity at each taxonomic level between all N-1 comparisons. Figure 5-
9 plots tetranucleotide and heptanucleotide signatures (di- through nona- in Figure 5-10). 
The bars are color-coded as: same species (orange), same genus (purple), same family 
(green), same order (red), same phylum (blue), same domain (yellow) and different 
domain (black). These plots reveal the useful range of Euclidean distances for taxonomic 
determinations by showing which Euclidean distances have a high likelihood for 
correctly identifying the taxonomy of an unknown DNA sequence. These charts combine 
the previously seen information into a form which allows the visualization of point 
density based on taxonomy. For example, given two DNA sequences with a 
heptanucleotide-based Euclidean distance of 0.4 this study would predict an 
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approximately 45% chance they are within the same species or genus and a greater than 
95% chance they are within the same family.  
 These bar charts validate what this study had previously observed by showing the 
range of Euclidean distances corresponding to same species and same genus comparisons 
being spread out, while the tetranucleotide plot has taller same-genus and -species bars at 
short Euclidean distances, which then drop off at larger distances. This means that while 
longer word lengths may allow for more resolution the signal is getting mixed in with the 
Euclidean distances corresponding to higher taxonomic levels. While this study was able 
to use longer word lengths for the purposes of differentiating between sequences, longer 
word lengths are less useful when trying to assign an unknown sequence based solely on 
a Euclidean distance. However, increased resolution will likely result in a substantial 
increase in the usefulness of oligonucleotide signatures, as other methods, such as NBCI 
BLAST, exist for direct comparisons between two DNA sequences. 
 This study analyzed the degree to which tetranucleotide and heptanucleotide 
signatures respond to random mutations in a one million base pair DNA sequence. For 
this, the study took a randomly generated DNA sequence and randomly mutated a single 
base over one million iterations to measure the change in Euclidean distance when 
compared to the original sequence. The results of plotting Euclidean distance verses 
iteration number are in Figures 5-11A and 5-11B, while Figure 5-11C shows the 
Euclidean distances for tetranucleotide (x-axis) verses heptanucleotide (y-axis). This 
analysis shows that heptanucleotide signatures respond faster to small changes in the 
DNA sequence, confirming that they are better for differentiating between very similar 
sequences. Additionally, heptanucleotide curve shows saturation at approximately 
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600,000 mutations while the tetranucleotide curve continues to fluctuate to 1 million 
iterations. This is likely a product of the additional bins in the heptanucleotide analysis 
smoothing out the curve. As this analysis fails to reach large Euclidean distances away 
from the initial sequences it reinforces the idea that oligonucleotide signatures are not the 
result random mutations, as randomly mutating a sequence does nothing more that 
redistribute the bases into a different random pattern, while being unable to generate the 
strong biases in oligonucleotide usage seen in nature.  
 Oligonucleotide signatures have most often been applied to metagenomics 
datasets (36, 78, 166–168). Within these analyses oligonucleotide signatures were 
implemented as a method for internally clustering short DNA fragments. This was 
accomplished by clustering fragments with similar oligonucleotide biases and using these 
clusters as the basis for further analyses, including assembly (36, 166). To complement 
this work this study investigated the relative usefulness of heptanucleotide signatures 
compared to tetranucleotide signatures as the basis for analyzing short DNA fragments. 
To test this the study extracted fragments of metagenomically relevant lengths (1,000bp, 
2,500bp, 5,000bp, 10,000bp, 15,000bp, 25,000bp and 50,000bp) from the completed 
genome dataset, giving 1,424 genome fragments for each length. The tetranucleotide and 
heptanucleotide signatures for each fragment were calculated along with the Euclidean 
distance between each fragment. A distance matrix and cladogram were then generated 
from each fragment length group and nearest neighbor comparisons were completed, as 
done with whole genomes. Figure 5-12 shows the percentage of fragments belonging to 
the same genus which occur as nearest neighbors on the cladogram verses fragment 
length. As fragment length increases the prediction ability increases, although the 
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increase is gradual beyond an initial spike at short fragment lengths. Interestingly, 
heptanucleotide signature improvement levels off at shorter fragment length 
(approximately 5,000bp) while tetranucleotide signatures are not leveling off until 
approximately 10,000bp. Also, this study notes that heptanucleotide signatures are better 
in all cases and the improvement in moving from tetranucleotide to heptanucleotide 
signatures allows 5,000bp fragments to be placed with a level of accuracy not obtained 
until 50,000bp using tetranucleotide signatures. At 50,000bp the accuracy is below the 
levels obtained with whole genomes (52% vs. 57% for tetranucleotide and 54% vs. 59% 
for heptanucleotide), but these analyses indicate the usefulness of applying these methods 
to metagenomically relevant sequence lengths as well as the improvement due to using 
longer word lengths. 
 To study the fragment length required to overcome intrinsic oligonucleotide 
signature differences the study broke the genomes of six organisms from six phyla 
(Escherichia coli, Mycoplasma leachii, Prochlorococcus marinus, Roseiflexus 
castenholzii, Sulfolobus islandicus and Thermotoga petrophila), plus a random 1.6 
million base pair sequence into chunks in a range of lengths that are typical of 
metagenomic sequencing reads and scaffold assemblies (500bp, 1,000bp, 2,500bp, 
5,000bp, 10,000bp, 15,000bp, 20,000bp and 50,000bp). This study then calculated the 
average Euclidean distance between all organisms (including self comparisons) for all 
fragment lengths using tetranucleotide (Figure 5-13) and heptanucleotide (Figure 5-14) 
signatures. By plotting fragment length verses Euclidean distance for all organisms this 
study can see that the 10,000 base pair fragments demonstrate the minimum ideal 
fragment size required to differentiate between organisms from different phyla, although 
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fragments as short as 2,500 base pair where demonstrating some ability for 
differentiation. Additionally, it is important to note the Euclidean distances in the self 
comparisons as these distances show the differences in oligonucleotide signatures found 
in different regions of a complete genome. While it is clear the average overall 
oligonucleotide signature for an organism is evolutionarily conserved newly integrated 
portions may not be mutated sufficiently to display the biases in which these methods 
rely. As a result, this study shows that oligonucleotide analysis is only useful on 
approximately 10,000bp or larger fragments.  
 Using a 10,000 base pair minimum fragment lengths this study ran a comparison 
between tetranucleotide and heptanucleotide signatures ability to correctly assign 
fragments from metagenomics data using the NCBI non-redundant (nt) database. As a 
relevant sample set this study analyzed all scaffolds over 10,000 base pairs in length from 
the five sampling locations within the Bison Pool metagenomics dataset (36). For an 
accurate comparison NCBI BLAST was used for the determination of the “correct” 
sequence match in the nt database. Results were parsed to the genus level and best 
BLAST matches for the Bison Pool scaffolds along with the best tetranucleotide and 
heptanucleotide matches were found. This study calculated the percentage of hits in 
which tetranucleotide and heptanucleotide signatures agree with the genus match from 
NCBI BLAST and found that tetranucleotide signatures agree 39.1% of the time while 
heptanucleotide signatures agree 41.9% of the time. While this is not a huge 
improvement it does show that heptanucleotide signatures are the better choice when 
assigning taxonomic labels to metagenomic data. Additionally, many of these hits had 2
nd
 
or 3
rd
 best hits from different genera. This is the case for both the oligonucleotide based 
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hits and the BLAST hits, so the percentages from these “best hit” comparisons are likely 
artificially low. 
 To investigate the effect scaffold length has on Euclidean distance for a dataset of 
metagenomic scaffolds this study calculated the tetranucleotide and heptanucleotide 
Euclidean distances between scaffolds and related sequences in the NCBI nt database. 
This analysis randomly sampled 242 scaffolds (with lengths ranging from 221bp to 
13,363bp) from twenty five metagenome projects (99) that encompass a wide range of 
geochemically diverse environments—and, ostensibly, taxonomically diverse 
communities—collected within Yellowstone National Park (listed in Table 5-3),. NCBI 
BLAST was first used to identify DNA sequences within the NCBI nt database that 
showed homology to these 242 metagenome scaffolds. Subsequently, tetranucleotide and 
heptanucleotide Euclidean distances were calculated between these 242 metagenome 
scaffolds and all their nt homologs (resulting in 5,840 total comparisons). Plots of 
scaffold length verses Euclidean distance for tetranucleotide (Figure 5-15A) and 
heptanucleotide (Figure 5-15B) signatures show that short scaffolds have relatively long 
Euclidean distances to their homologs. This is especially evident in the “clean” region at 
the lower left of the heptanucleotide plot (Figure 5-15B). Interestingly, tetranucleotide 
signatures are able to obtain low genus normalized Euclidean distances (<1.0) from short 
(<4,000bp) DNA fragments while heptanucleotide signatures do not. 
 Figure 5-16 shows a plot of tetranucleotide Euclidean distance verses 
heptanucleotide Euclidean distance which has been colored to indicated scaffold length 
as: less than 800bp (red), 800bp to 1,000bp (blue), 1,000bp to 2,000bp (green), 2,000 to 
5,000bp (orange) and over 5,000bp (black). This plot demonstrates the consistency of 
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heptanucleotide Euclidean distances between fragments of similar length while those 
fragments are spread across a large range of tetranucleotide Euclidean distance space. 
This plot also reinforces the observation that longer scaffolds (>5,000bp) are required to 
obtain normalized heptanucleotide Euclidean distances below 1.0, whereas all scaffold 
lengths are capable of obtaining short tetranucleotide Euclidean distances. Additionally, 
the “banding” of colors along the heptanucleotide axis confirms the relationship between 
scaffold length and Euclidean distance between similar sequences when using 
heptanucleotide signatures. These minimum Euclidean distances must be accounted for 
when using oligonucleotide signatures with real metagenomics datasets as they set the 
standard for determining the relatedness of two scaffolds.  
 Twenty five Yellowstone National park metagenomes (Table 5-3) were analyzed 
to determine the frequency of large scaffolds,, as these are the most useful for taxonomic 
binning applied to real metagenomics datasets. Figure 5-17 shows a histogram of the 
average frequency of large (>10,000bp) scaffolds within these metagenomes. While the 
majority of the larger scaffolds are 10,000bp to 15,000bp, many are longer, with each of 
the metagenomes averaging seven scaffolds over 50,000bp. The data include a total of 
eighty-seven large scaffolds, although it must be noted that next generation sequencing 
becomes more affordable, the frequency of large scaffolds in datasets will continue to 
increase, resulting in the increased applicability of these methods. 
 These analyses show that longer oligonucleotide signatures have great 
applicability for homology binning and taxonomic identification. In many cases 
oligonucleotide signatures were able to compete with 16S rRNA for resolving taxonomy, 
demonstrating the usefulness of oligonucleotide signatures as for resolving the taxonomic 
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source of a DNA fragment, an increasingly important challenge as environmental 
sequencing becomes the norm in how DNA/RNA is obtained from complex 
communities. The sometimes substantial improvements in taxonomic resolution gained 
from analyzing longer oligonucleotide word lengths comes at a fairly cheap 
computational cost, and this study calls into question whether the current paradigm of 
tetranucleotide word length analysis in metagenomics should undergo a much needed 
shift. 
 
5.4 Methods 
 A complete set of non-draft sequenced microbial genomes (including 1,315 
bacteria and 109 archaea) were downloaded from the National Center for Biotechnology 
Information (NCBI) website (ftp://ftp.ncbi.nih.gov/genomes/Bacteria/) on June 21
st
, 
2012. The genomes were filtered to remove plasmids to allow for an analysis of only 
chromosomal DNA. Additionally, 16S rRNA sequences for all included genomes were 
downloaded from the Ribosomal Database Project (RDP) (http://rdp.cme.msu.edu/). All 
genomes included in this study contain taxonomic information obtained from the NCBI 
taxonomic database (ftp://ftp.ncbi.nih.gov/pub/taxonomy/) and parsed to include: species, 
genus, family, order, phylum and domain annotations. An analysis of the phylums 
included in this study shows that while the NCBI genomes database contains good 
diversity (30 phylums) it also includes a strong bias towards proteobacteria (43% of total 
genomes) and firmicutes (19% of total genomes).  
 All chromosomes were analyzed to determine their mono- through nona- 
oligonucleotide signatures using a “sliding window” to find the count of each possible 
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oligonucleotide combination (66). These counts were converted into percentages where 
the ratio of all percentages represents the genetic signature. The Euclidean distance 
between chromosomes was determined using the following formula: 
)(...)()(),( 2211 nn pqpqpqqpd   
Where each (p, q) set represents a bin from the oligonucleotide signature. The Euclidean 
distances between all organism pairs were converted into a distance matrix for analysis 
using the neighbor program within the Phylip software package (112). This resulted in 
cladograms representing the Euclidean distances (i.e. oligonucleotide signatures) between 
all members of the 1,424 organism dataset. Corresponding bacterial and archaeal 16S 
rRNA sequences were combined and aligned using the RDP's on-line tools. The aligned 
16S rRNA sequences where converted into a phylogenetic tree using the dnadist and 
neighbor tools within Phylip. The oligonucleotide signature based cladograms and the 
16S rRNA based phylogenetic tree were analyzed using Bioperl’s TreeIO (113) tools to 
extract the distance between all leaf nodes. Results were filtered to generate a list of the 
nearest neighbor for all leaf nodes in all cladograms. Using taxonomy data for all leafs 
and their nearest neighbor this study determined the percentage of occurrences when a 
nearest neighbor is from the same taxonomic group (i.e. same domain, same phylum, 
etc). Additionally, the taxonomic data between nearest neighbors allowed for the color-
coding of cladogram nodes based on taxonomy.  
 Euclidean distance verses 16S identity plots were generated by plotting the 
Euclidean distance between all organism pairs in this 1,424 member dataset verses the 
16S identity between the pair. The identity between aligned 16S rRNA sequences was 
determined using the dnadist program within Phylip. Taxonomy data was also included to 
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color-code the plot. The genus normalized Euclidean distance normalization metric was 
derived from dividing all Euclidean distances by the largest genus-genus Euclidean 
distance for all oligonucleotide lengths (Table 5-2). 
 To generate the leave-one out analysis this study calculated the Euclidean distance 
between all organisms in this 1,424 member dataset, not including self-comparisons. This 
study then organized all resulting distances into thirty equally sized bins and calculated 
the taxonomical relationships for all organism pairs in each bin. Each bin was then 
analyzed for the percentage of times the same taxonomic identity was seen (i.e. how often 
a bin contained organism pairs from the same genus).  
  To determine random divergence this study constructed a random one million 
base pair DNA sequence. The sequence was subjected to one million iterations where this 
study randomly selected a single base and mutated it to a randomly selected base. The 
mutated DNA sequence was written to disk every one hundred iterations and each of 
these sequences were compared to the original by calculating the tetranucleotide and 
heptanucleotide signature and calculating the Euclidean distance from the original 
sequence. The results were plotted as iteration number verses Euclidean distance from the 
original sequence. 
 To analyze metagenomically relevant fragments from 1,424 completed genomes 
this study randomly pulled 1,000, 2,500, 5,000, 10,000, 15,000, 25,000 and 50,000 base 
pair fragments from each completed genome and calculated tetranucleotide / 
heptanucleotide signatures for all fragments. The Euclidean distance was calculated 
between each fragment for all fragment lengths and each set of Euclidean distances was 
converted into a distance matrix. Distance matrices were analyzed using the neighbor 
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application in Phylip to generate cladograms. BioPerl’s TreeIO was used to calculate the 
nearest neighbor for all nodes and the NCBI taxonomy was used to pull genus of all 
sequenced genomes included. The percentage of nearest neighbors having the same genus 
was calculated and plotted verses fragment length for both tetranucleotide and 
heptanucleotide signatures.  
 To determine the Euclidean distances based on fragment length the organism’s 
chromosome was broken in chunks with lengths of: 50,000, 20,000, 15,000, 10,000, 
5,000, 2,500, 1,000 and 500 base pairs. The tetranucleotide and heptanucleotide 
signatures were calculated for all chunks along with the Euclidean distances between all 
chunks. The average Euclidean distance between all chunks was then calculated between 
all organism pairs over all chunk lengths. These average Euclidean distances were then 
plotted verses chunk length for each organism pair. 
 To determine nt database matches for the Bison Pool metagenome dataset using 
oligonucleotide signatures both the nt database and the Bison Pool dataset were parsed to 
DNA sequences in excess of 10,000 base pairs. Next, the tetranucleotide and 
heptanucleotide signatures were calculated for all sequences in the nt database as well as 
the Bison Pool dataset. The Euclidean distance was calculated between all members of 
the Bison Pool dataset and nt using both tetranucleotide and heptanucleotide signatures, 
with the pairing with the lowest Euclidean distance designated as the best match. NCBI 
BLAST was used between the over 10,000 base pair nt database and the over 10,000 base 
pair Bison Pool datasets to determine the “correct” best match between the metagenomes 
and the nt database. Results were then analyzed for how often the best BLAST hit and 
shortest Euclidean distance hit agreed. 
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 The twenty-five Yellowstone National Park metagenomes were combined into a 
single file and parsed so that every 700
th
 sequence was pulled out for analysis, yielding 
242 scaffolds. NCBI BLAST was used to find all related sequences for the 242 
metagenomic scaffolds within the NCBI nt database. The tetra- and hepta- nucleotide 
Euclidean distance was calculated between all metagenomic scaffolds and all their related 
hits in the nt database. The calculated Euclidean distances and the scaffold lengths were 
plotted using R. 
 Perl scripts developed for the determination of oligonucleotide signatures from 
DNA sequences as well as for calculating the Euclidean distances between 
oligonucleotide signatures are available for download from the Raymond ground website 
at evolution.asu.edu.  
  
1
3
3
 
Species Genus Family Order Phylum Domain CPU Time (min)
16S rRNA 31.6% 62.5% 80.6% 86.4% 91.4% 99.6%
Mononucleotide 11.2% 14.1% 16.0% 19.8% 40.0% 86.4% 19
Dinucleotide 30.2% 49.1% 55.5% 61.7% 73.2% 95.9% 19
Trinucleotide 30.6% 54.7% 62.3% 68.7% 79.2% 97.2% 21
Tetranucleotide 31.0% 57.2% 65.8% 72.8% 82.6% 97.4% 30
Pentanucleotide 31.3% 58.4% 67.4% 73.9% 84.2% 97.7% 53
Hexanucleotide 31.3% 58.8% 68.0% 75.7% 83.6% 97.9% 129
Heptanucleotide 31.6% 59.4% 68.5% 75.9% 84.1% 97.5% 1135
Octanucleotide 31.6% 59.7% 68.8% 76.1% 84.6% 98.2% 3165
Nonanucleotide 31.7% 59.8% 68.8% 76.3% 85.7% 98.7% 14804  
Table 5-1: Mononucleotide through nonanucleotide signatures were compared with 16S rRNA using nearest neighbor 
prediction ability (the percentage of times taxonomically identical genomes were placed as nearest neighbors on a cladogram). 
This table includes the values determined from this calculation. Additionally, this table shows the CPU time required to 
calculate the Euclidean distances between all 1,424 organism pairs. 
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Largest Same Genus Euclidean Distance
(Normalization Factor)
Mononucleotide 20*
Dinucleotide 16.574
Trinucleotide 9.1909
Tetranucleotide 6.3503
Pentanucleotide 3.6227
Hexanucleotide 2.3865
Heptanucleotide 1.4110
Octanucleotide 0.94221
Nonanucleotide 0.56756  
Table 5-2: Euclidean distances were normalized using the largest same genus distance for 
each oligonucleotide length. These normalizations were completed to correct for the 
shrinking of Euclidean distances as oligonucleotide lengths increased due to the 
additional bins, and the subsequently smaller percentages each bin contained. 
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Bison_Pool_N Bison Pool, Lower Geyser Basin
Bison_Pool_P Bison Pool, Lower Geyser Basin
Bison_Pool_Q Bison Pool, Lower Geyser Basin
Bison_Pool_R Bison Pool, Lower Geyser Basin
Bison_Pool_S Bison Pool, Lower Geyser Basin
YNP_001 Alice Springs, Crater Hills
YNP_002 West Nymph Lake, Norris Geyser Basin
YNP_003 Monarch Geyser, Norris Geyser Basin
YNP_004 Joseph’s Coat Springs, Mirror Plateau
YNP_005 Green Chloroflexus mats, Mammoth 
YNP_006 White Creek, Lower Geyser Basin
YNP_007 Chocolate Pots, Gibbon Geyser Basin
YNP_008 One Hundred Springs Plain, Norris Geyser Basin
YNP_009 Dragon Spring, Norris Geyser Basin
YNP_010 Narrow Gauge, Mammoth Hot Springs
YNP_011 Octopus Spring, Lower Geyser Basin
YNP_012 Calcite Springs, Tower Falls Region
YNP_013 Bechler 50, Bechler Flats
YNP_014 One Hundred Springs Plain, Norris Geyser Basin 
YNP_015 Mushroom Spring, Lower Geyser Basin
YNP_016 Fairy Geyser, Midway Geyser Basin
YNP_017 Obsidian Pool Prime 
YNP_018 Washburn Springs
YNP_019 Cistern Spring, Norris Geyser Basin
YNP_020 Bath Lake  
Table 5-3: List of the twenty-five Yellowstone National Park metagenomic sample sets 
used and their JGI/IMG designations. 
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Figure 5-1: Bar chart showing the 256 bins possible for tetranucleotide signatures and 
how they are occupied by Escherichia coli (red), Sulfolobus islandicus (green) and a 1.6 
million base pair random sequence (blue) – ordered high to low by percentage. E. coli 
and S. islandicus have biases towards specific bins while the random sequence occupies 
all bins relatively equally, as tetranucleotide words are randomly assigned. The non-
random nature of DNA sequences from real organisms shows that nature is not random 
and this non-random nature can be exploited as an oligonucleotide signature. 
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Figure 5-2: Cladogram derived from heptanucleotide signatures using Euclidean 
distances between 1,424 sequenced microbes. Terminal branches are color-coded to 
depict nearest neighbor taxonomic relationships as: strong relationships (same species or 
same genus) in red, good relationships (phylum or better) in blue, same domain in yellow 
and different domain in black. This figure shows that heptanucleotide signatures are 
conserved amongst phylogenetically similar organisms across the tree of life. The 
tendency for phylogenetically similar organisms to maintain similar oligonucleotide 
biases is the basis oligonucleotide-based clustering techniques. 
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Figure 5-3: Cladograms derived from dinucleotide through nonanucleotide signatures 
using Euclidean distances between 1,424 sequenced microbes. Terminal branches are 
color-coded to depict nearest neighbor taxonomic relationships as: strong relationships 
(same species or same genus) in red, good relationships (phylum or better) in blue, same 
domain in yellow and different domain in black. This figure demonstrates that di- through 
nona- nucleotide signatures are able to correctly place taxonomically similar organisms 
together on a cladogram. 
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Figure 5-4: The ability place phylogenetically similar organisms together on a cladogram 
using mononucleotide through nonanucleotide signatures was tested against a cladogram 
generated using 16S rRNA for 1,424 completed prokaryotic genomes. This figure shows 
the percentage correct cladogram placement for oligonucleotide signature (x-axis) verses 
the percentage of correct cladogram placement for 16S rRNA (y-axis). Taxonomic level 
is show along top axis using: same species (S), same genus (G), same family (F), same 
phylum (P) and same domain (D). Mononucleotides through nonanucleotide signature 
trend lines are color-coded (see figure legend). 
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Figure 5-5: The sum total percent improvement in placing identical taxonomic levels 
together on a cladogram as oligonucleotide length is increased verses the increase in CPU 
time required to calculate all Euclidean distances between 1,424 genomes. CPU time 
increases are due to the exponential increase in signature bins (and therefore variables in 
Euclidean distance calculations) as oligonucleotide lengths increase. 
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Figure 5-6: Plot of 16S percent identity verses genus normalized Euclidean distance for 
tetranucleotide (A) and heptanucleotide (B) signatures. Plots are colored based on the 
highest shared taxonomic level of the two organisms being compared: same species are in 
orange, same genus (purple), same family (green), same order (red), same phylum (blue), 
same domain (yellow) and different domain (black). Vertical lines added at a Euclidean 
distance of 0.3 for visual reference. By plotting 16S identity verses Euclidean distance 
this plot demonstrates the range of oligonucleotide Euclidean distances useful for 
discerning the taxonomic relationships between sequences. Additionally, this plot shows 
that low oligonucleotide Euclidean distances are a strong indicator that sequences are 
from phylogenetically close organisms. 
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Figure 5-7: Plot of 16S percent identity verses genus normalized Euclidean distance for 
mononucleotide through nonanucleotide signatures. Plots are colored based on the 
highest shared taxonomic level of the two organisms being compared: same species are in 
orange, same genus (purple), same family (green), same order (red), same phylum (blue), 
same domain (yellow) and different domain (black). These plots show that the Euclidean 
distance space useful for same species comparisons is enlarged as oligonucleotide length 
is increased, with the most noticeable increases occurring at shorter oligonucleotide 
lengths. 
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Figure 5-8: Plot of tetranucleotide verses heptanucleotide Euclidean distance for 1,424 
genomes to a genus normalized Euclidean distance of 2.0 (A) and 0.20 (B). Plots are 
colored based on the highest shared taxonomic level of the two organisms being 
compared: same species are in orange, same genus (purple), same family (green), same 
order (red), same phylum (blue), same domain (yellow) and different domain (black). 
Plots include a 1:1 line to mark equivalence between tetranucleotide and heptanucleotide 
Euclidean distances. These plots demonstrate lower Euclidean distance for closely related 
organisms (same genus/species) from heptanucleotide signatures, while moving towards 
shorter Euclidean distances for distantly related organisms from tetranucleotide 
signatures. 
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Figure 5-9: Histograms show the results of a leave-one-out analysis where the 
oligonucleotide-based Euclidean distance was calculated between all organisms (except 
self comparisons) and the percentage of organism matches which contain identical 
taxonomy for tetranucleotide (A) and heptanucleotide (B) signatures was binned based on 
genus normalized Euclidean distance. Plots are colored based on the highest shared 
taxonomic level of the two organisms being compared: same species are in orange, same 
genus (purple), same family (green), same order (red), same phylum (blue), same domain 
(yellow) and different domain (black). These plots are useful for determining the 
statistical likelihood of taxonomic matches between unknown sequences, as the 
percentages can be used to determine likelihood of a taxonomic match when the 
Euclidean distance between two unknown sequences has been calculated. 
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Figure 5-10: Histograms show, by genus normalized Euclidean distance, the percentage 
of organism matches which contain identical taxonomy for mononucleotide through 
nonanucleotide signatures. Plots are colored based on the highest shared taxonomic level 
of the two organisms being compared: same species are in orange, same genus (purple), 
same family (green), same order (red), same phylum (blue), same domain (yellow) and 
different domain (black). These histograms demonstrate the expansion of usable 
Euclidean distance space for making same genus and same species taxonomic 
identifications as oligonucleotide length increases. 
 146 
 
 
Figure 5-11: This figure shows how a one million base pair DNA sequence responds to 
random mutations. Euclidean distance from the initial sequence is plotted for 
tetranucleotide (A) and heptanucleotide (B) verses iteration number. Figure 7C shows 
tetranucleotide verses heptanucleotide Euclidean distance by iteration with a 1:1 line 
(red) to show equivalence. These plots show that heptanucleotide signatures demonstrate 
a faster increase in Euclidean distance from small changes in the DNA sequence, 
compared to tetranucleotide signatures, while leveling off and responding little to 
changes beyond approximately 600,000 iterations. Conversely, tetranucleotide signatures 
demonstrate smaller increases in Euclidean distance as a result of small perturbations in 
the DNA sequence, but continue to fluctuate to one million iterations. 
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Figure 5-12: Completed prokaryotic genomes were broken into metagenomically relevant 
fragments sizes of: 1,000 bp, 2,500 bp, 5,000 bp, 10,000 bp, 15,000 bp, 25,000 bp and 
50,000 bp by extracting a random fragment of each length from each of the 1,424 
genomes. The tetranucleotide and heptanucleotide based Euclidean distance was 
calculated between each fragment and these distances were used to construct cladograms. 
Each cladogram was analyzed for the percentage of organisms with a nearest neighbor 
belonging to the same genus and this percentage is plotted verses fragment length. 
Improvement is seen as fragment length is increased, but the improvement levels off at 
approximately 10,000 bp for tetranucleotide signatures and approximately 5,000 bp for 
heptanucleotide signatures, with heptanucleotide signatures are performing better at all 
fragment lengths. 
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Figure 5-13: This figure shows the average tetranucleotide Euclidean distances between 
genome fragments of lengths between 500 bp and 50,000 bp for six organisms 
(Escherichia coli, Mycoplasma leachii, Prochlorococcus marinus, Roseiflexus 
castenholzii, Sulfolobus islandicus and Thermotoga petrophila), plus a random 1.6 
million base pair. By plotting fragment length verses Euclidean distance for all organisms 
it can be seen that 10,000 base pair fragments demonstrate the minimum ideal fragment 
size required to differentiate between organisms from different phyla, although fragments 
as short as 2,500 base pair where demonstrating some ability for differentiation. 
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Figure 5-14: This figure shows the average heptanucleotide Euclidean distances between 
genome fragments of lengths between 500 bp and 50,000 bp for six organisms 
(Escherichia coli, Mycoplasma leachii, Prochlorococcus marinus, Roseiflexus 
castenholzii, Sulfolobus islandicus and Thermotoga petrophila), plus a random 1.6 
million base pair. By plotting fragment length verses Euclidean distance for all organisms 
it can be seen that 10,000 base pair fragments demonstrate the minimum ideal fragment 
size required to differentiate between organisms from different phyla, although fragments 
as short as 2,500 base pair where demonstrating some ability for differentiation. 
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Figure 5-15: These figures show tetranucleotide (A) and heptanucleotide (B) genus 
normalized Euclidean distance verses scaffold length for comparisons between 242 
metagenomic scaffolds and all related sequences within the nt database. These figures 
demonstrate the Euclidean distances seem for a variety of scaffold lengths along with the 
possible variations in Euclidean distance for a given scaffold length. 
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Figure 5-16: This figure shows the tetra- and hepta- nucleotide genus normalized 
Euclidean distances between metagenomic scaffolds and their related sequences within 
the NCBI nt database. Points are colored by scaffold length as: less than 800 bp (red), 
800 bp to 1,000 bp (blue), 1,000 bp to 2,000 bp (green), 2,000 to 5,000 bp (orange) and 
over 5,000 bp (black). This plot is based on 242 scaffolds ranging in size from 221 bp to 
13,363 bp and includes 5,840 comparisons to related sequences in the nt database. 
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Figure 5-17: This figure shows a histogram of the average frequency of large (>10,000 
bp) scaffolds across twenty-five metagenomic datasets collected within Yellowstone 
National Park. These metagenomic datasets average eighty-seven scaffolds over 10,000 
bp, including seven which are over 50,000 bp 
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Chapter 6 
CONCLUSIONS 
 This dissertation has expanded the understanding of the functional evolution and 
taxonomic composition of hot spring microbial communities by demonstrated the power 
of integrating metagenomes and multivariate geochemical analyses to identify many key 
physical and geochemical parameters which are responsible for shaping microbial 
community composition, function, and complexity.  
 This dissertation supports the strong roles that pH and temperature play in 
influencing microbial community composition and function. Upon the inclusion of 
additional geochemical parameters it was found that the availability of carbon 
compounds as well as micronutrients such as iron and zinc all correlate (or anticorrelate) 
with diversity measures. Multivariate analyses suggest that these biology-environment 
interactions are multidimensional. Therefore, techniques integrating many physical and 
chemical measurements performed as well as, or better than, nearly all individual 
parameters for predicting differences in community biodiversity. This demonstrates that 
expanding upon the parameters typically measured with metagenomic studies 
(temperature, pH, and salinity) can yield substantially improved predictions of biological 
variability as a function of environmental dynamics.  
 This dissertation lays the groundwork for predicting community metabolism and 
various metrics of diversity based on site geochemistry. For example, PCA analysis of 
YNP community metagenomes and bulk geochemistry can predict biological properties 
of an unknown site based on geochemistry, and vice versa. Future metagenomic studies 
can continue to improve the resolving power of these predictions simply by including a 
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small number of relatively straightforward measurements of physical and geochemical 
conditions along with biological sampling. This dissertation represents an important 
advance toward predictive understanding of biology-environment interactions, and a 
compelling justification for coordinating environmental-geochemical measurements in 
metagenomic studies of natural environments. 
 This dissertation completed comparisons between highly similar protein coding 
DNA (cDNA) fragments found among metagenomes sampled within YNP. Comparisons 
of highly identical sequences found across metagenomes shows that environmental 
selection acts both on surface transport mechanisms and migration through a subsurface 
chemotrophic biosphere, to establish highways for microbial migration and genomic 
exchange. Thermophilic communities across YNP and GBS hydrothermal settings are far 
from being evolutionary islands and have been communicating and co-evolving for 
millions of years. 
 This dissertation finds the reduced cost of metagenomic sequencing, when 
coupled with the continued expansion of genomic databases, allows taxonomic 
identification and community profiling from a metagenomic datasets to be a viable, if not 
better, alternative to traditional 16S rDNA gene profiling. In addition to taxonomic 
profiles having a community metagenome allows for the ability to perform ancillary 
analyses such as a functional and metabolic community profiling. Moreover, the 
taxonomic profiles generated from 16S and metagenomic sequencing runs are similar 
enough to facilitate a comparative analysis between environments, especially when the 
increased sequencing depth available via next generation sequences techniques are 
accounted for. 
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 This dissertation finds that the computationally facile to calculate tetranucleotide 
signatures, commonly used for homology comparisons among genomic and metagenomic 
DNA sequences are useful. However, this dissertation argues that longer signatures are 
well within the range of modern computers and permit more accurate classification of 
genomes and metagenomic scaffolds. This dissertation identifies a tradeoff above word 
lengths of seven nucleotides where the diminishing increase in taxonomic resolution is 
not justified by the concomitant exponential increase in calculation time and 
computational resources required (at least given the present generation of computational 
facilities). As a result, this dissertation recommends the use of longer word lengths with 
heptanucleotide signatures as the optimal compromise between resolution and 
computational requirements for future work using oligonucleotide signatures. 
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